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Abstract
Using the 1922–1991 Terman Life-Cycle Study of Children with High Ability, I
investigate the relationship between childhood noncognitive skills, college ed-
ucation, and longevity of a high-IQ population and find a strong relationship
between college education and longevity for men. Conscientiousness and Ex-
traversion are strongly related to longevity of men, even though their effects
on education are, at best, weak. I demonstrate a number of behavioral mech-
anisms behind the estimated effects on longevity. I also find that men with
higher levels of education and skills have superior health over the lifespan. For
women of this historical cohort (born around 1910), who live at least as long as
college-educated men, I find no evidence of a relationship between education,
noncognitive skills, and longevity.
Key words: noncognitive skills, college education, longevity, human potential-
education matching, compression of morbidity, sex difference, Big Five person-
ality taxonomy, Terman Life-Cycle Study of Children with High Ability
JEL codes: I12, J24
1 Introduction
It is controversial in the literature whether education affects longevity. It is also unclear
whether this relationship, if it exists, fades with greater cognitive skills. In this paper I
find that there is a strong relationship between college education and longevity for high-
ability men, which contradicts a claim in the literature that education is only productive
for health at low levels of IQ. Moreover, I suggest a new mechanism, which I call “human
potential-education matching,” though which IQ can increase the effect of education on
health. I also find strong relationships between the well-established noncognitive skills of
Conscientiousness and Extraversion and male longevity. This finding confirms the known
link between Conscientiousness and longevity for high-ability individuals after accounting
for a number of potential sources of bias. However, the strong link between Extraversion
and longevity in a high-ability population is a new finding. I support these conclusions
by demonstrating likely behavioral and socioeconomic mechanisms behind the estimated
relationships. I also find that the confounding role of noncognitive skills on the education-
longevity gradient is negligible for a high-ability population.
I use the Terman Life-Cycle Study of Children with High Ability (Terman, 1986), which
follows about 1,500 high-IQ men and women from California born around 1910. The
dataset is well-suited for the study of developmental origins of longevity since it con-
tains a unique combination of measures: childhood IQ and noncognitive skills, detailed
family background characteristics, and 70 years of prospective observations that include
education, health behaviors, health, and mortality. Datasets like Terman’s that combine the
availability of quality early skill measures with a follow-up long enough to study longevity
and its mediators are rare.
I jointly estimate a system of equations that includes an ordered logit model of school-
ing, a mixed proportional hazard model of mortality, and equations linking a low-dimensional
set of latent noncognitive skills to their noisy measures. On top of controlling for a detailed
set of background variables and IQ, I also control for a set of latent noncognitive skills,
which are linked to the established Big Five taxonomy. In addition, I control for unob-
served heterogeneity modeled via a semi-parametric heterogeneity model (Heckman and
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Singer, 1984).1 Controlling for unobserved heterogeneity affects both qualitative and quan-
titative results. The model is supported by placebo tests using eight early health measures
as outcomes.
This paper makes several contributions. First, in the health economics literature, even
though education and longevity strongly correlate, the causal status of this relationship is
still controversial and little is known about the effect of college education on longevity (see
Section 2 for literature review). This paper supports claims about the causal relationship
between education and longevity for men by estimating both the relationship and plausible
mechanisms behind it. Women of this cohort live at least as long as college-educated men,
but I find no effect of education on their longevity.
Second, I contribute to understanding whether the relationship between education,
health, and longevity still holds for individuals with high cognitive ability. If cognition
is a perfect substitute for education in health production, then education might only be
productive for the health of people with low cognitive ability, as long as education has
diminishing health returns. Using parental education as an instrumental variable for ed-
ucation, Auld and Sidhu (2005) find for a pooled sample of men and women that years
of education are beneficial for health, but only for low-IQ individuals and at low levels of
schooling. Conti and Heckman (2010) study the effects of education on health-related out-
comes of the general population and find that cognitive ability tends to increase beneficial
effects of education for men but decrease such effects for women. This paper finds no effect
of college education on longevity for high-IQ women but sizable effects for men. Relative
to high school education, some college education increases life expectancy of men at age 30
by five years, and a 4-year college degree or above adds ten years. Therefore, my result for
women is consistent with both Conti and Heckman (2010) and Auld and Sidhu (2005), but
the result for men is consistent only with Conti and Heckman (2010) and contradicts Auld
and Sidhu (2005).
Moreover, I provide evidence for a mechanism, which I call human potential-education
matching, through which higher IQ can potentially increase the effect of education, in con-
1The approach is also known as a “latent class model” (Aitken and Rubin, 1985), a
“discrete factor approximation model” (Mroz, 1999), and a “discrete factor random-effects
model” (Gilleskie, 2014).
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trast to the possible substitution effect discussed above. In the case of this population, high-
IQ individuals with low levels of education could be dissatisfied with their jobs and lives
and thus invest less in their health or be involved in substance abuse or both. Substance
abuse can be viewed as self-treatment of depression and other psychological issues (Dar-
den and Papageorge, 2018). This mechanism can be viewed as a special case of value of life
mechanism suggested by Cutler and Lleras-Muney (2008). I provide evidence for Terman
men consistent with this hypothesis. First, white high school graduates with high ability
have notably larger mortality than white males from the general population of the same
cohort despite having both superior average ability and education. A greater mismatch
between ability and education for low-educated Terman subjects compared to an average
man from the general population would explain this paradox. Second, Terman subjects
with low levels of education are more likely to report a dislike of their current occupation,
lack of control in the choice of work, lack of intellectual challenge, and a hindered life due
to inadequate education. They are also more likely to report higher likelihood of heavy
drinking and greater difficulties with mental and general health. Among other mecha-
nisms known from the literature, this suggested mechanism could be behind the estimated
sizable effects of education on longevity.2
Third, a growing literature in the economics of human development shows the impor-
tance of noncognitive skills for generating essential life outcomes including health behav-
iors and health (e.g., Conti et al., 2010; Heckman et al., 2018). Noncognitive skills are also
referred to as “socioemotional skills,” “soft skills,” or “personalty traits,” and are defined
as patterns of thought, feelings, and behavior (Borghans et al., 2008). I call these charac-
teristics “skills” rather than “traits” following the economic literature that highlights their
malleability, especially in childhood and young adulthood (Heckman and Kautz, 2014).
One reason for their high predictiveness is that they can be linked to essential parame-
ters of the utility function, namely time preference and risk aversion (see Almlund et al.,
2011 for a survey). Another reason is that they capture important information about skills,
such as perseverance and sociability, that are either not captured by traditional economic
variables or captured only indirectly and partially.
2I discuss possible mechanisms of education effect on longevity in detail in Section 5,
including a more detailed discussion of the suggested matching mechanism.
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Noncognitive skills can affect health outcomes directly. For instance, conscientious pa-
tients are better at following complex diabetes treatment instructions (e.g., Vollrath et al.,
2007). They can also affect health outcomes indirectly through education, other skills, and
the effectiveness of health production. Skills can also interact with causes of health behav-
iors, such as peer pressure (Hsieh and van Kippersluis, 2018).
While there are multiple taxonomies to describe noncognitive skills, I use the Big Five
Taxonomy of Personality, one of the most established classification methods (John and
Srivastava, 1999). This comprehensive taxonomy includes the personality traits of Consci-
entiousness, a propensity to be thoughtful about the future and to follow rules; Openness,
a propensity to be curious about new ideas and experiences; Extraversion, a propensity to
be active towards social and material worlds; Agreeableness, a propensity to be friendly to
others; and Neuroticism, a measure of emotional instability. The Big Five taxonomy had
not yet been established at the time when Terman data were collected, but many essen-
tial measures of personality related to the Big Five had been established. A strong link
between Terman personality measures and the Big Five traits has been demonstrated by
psychologists (Martin and Friedman, 2000).3
This paper contributes to the literature in the economics of human development, which
acknowledges that noncognitive skills are multi-dimensional (e.g., Borghans et al., 2008).
However, many studies rely on a one-dimensional noncognitive factor often due to a lack
of sufficiently detailed early-life measures of noncognitive skills in available datasets (e.g.,
Cobb-Clark et al., 2014; Conti et al., 2010; Heckman et al., 2018, 2006). This paper accounts
for multi-dimensional and correlated noncognitive factors and finds that their effects on
longevity and health-related outcomes differ.
Fourth, an established strand in the literature focuses on the role of skills as confounding
factors of the effect of education on health-related outcomes and on the size of the ability
bias. The size of the ability bias found in the literature varies paper to paper, as does the
definition of skills. For instance, Van Der Pol (2011) studies the ability bias due to omitted
time preference and risk attitude controls and finds a modest 8% upward bias conditional
on other controls. In contrast, Heckman et al. (2018) use cognitive and GPA measures
3See Web Appendix A for more information about the Big Five taxonomy and Terman’s
noncognitive measures.
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as proxies for ability and find a large upward ability bias of 20–80% for health-related
outcomes conditional on background controls.4 I supplement results from this literature
by finding no ability bias for the population of high-ability individuals despite having
access to a comprehensive set of noncognitive skills. This result is explained by the lack
of a strong relationship between noncognitive skills and education in the population with
extraordinarily high IQs.
Fifth, much research has been done on the association between personality and longevity
(see Chapman et al. (2011) for a survey). Among the Big Five traits, only Conscientiousness
is consistently associated with longevity across studies. Previous research by psychologists
based on the Terman data finds a positive association between longevity and Conscien-
tiousness for men and for a pooled sample of men and women (Friedman et al., 1993). The
authors condition their Cox proportional hazard regressions on one or several additional
psychological traits. I show that this result is preserved when I control for a large set of
essential background variables, IQ, and unobserved heterogeneity.
I also contribute to understanding the role of childhood Extraversion by finding a strong
effect on longevity that is comparable to the effect of childhood Conscientiousness.5 Pre-
vious studies report no effect of Extraversion based on the Terman data (Friedman, 2000),
possibly due to controlling for neither measurement error in Extraversion measures nor for
observed or unobserved heterogeneity.6 Openness shows no precisely-determined effects
on longevity. Finally, as in the previous literature based on the same data, I do not find
any statistically significant effects of Agreeableness and Neuroticism. I supplement the es-
timated effects on longevity with the analysis of possible behavioral mechanisms behind
these effects.
Finally, I find positive effects of education and skills on health over the lifespan, which
are consistent with the highly policy-relevant but controversial compression of morbidity hy-
pothesis. Compression of morbidity implies an increasing share of the lifespan spent in
4I refer to approximate percentage differences between light grey and dark gray bars in
Figure 2 of Heckman et al. (2018) for panels describing daily smoking and health limitations
to work.
5Terman’s available measures of early Extraversion largely represent its sociability facet.
6Previous studies labeled this factor as “Sociability.”
5
good health as longevity increases, according to an approach by Cutler et al. (2014).7
2 Relating this Paper to Literatures in Health Economics and
Epidemiology: Methodology and Results
This section complements the introduction by elaborating on the relationship of this paper
to literatures in health economics and epidemiology. I cluster literature results by method-
ological approach, as each approach comes with specific interpretations and limitations.
See also Grossman (2015) and Galama et al. (2018) for detailed recent literature reviews on
the effect of education on health-related outcomes.
Compulsory Schooling Laws A popular method of establishing the effect of education
on health and longevity is using changes in compulsory schooling laws as an instrument
for years of schooling. Results based on this approach differ: Lleras-Muney (2005) finds
a large effect of schooling on mortality for the US, but Mazumder (2008) shows that these
effects are not robust to including state-specific time-trends. Similarly, analyses by Meghir
et al. (2018) and Albouy and Lequien (2009) do not find a beneficial effect of schooling on
longevity for Sweden and France, respectively. In contrast, van Kippersluis et al. (2011) use
Dutch compulsory schooling laws and find a beneficial effect on mortality for men.8
These disagreements may be related to possibly different effects of education for differ-
ent countries and cohorts. Issues with statistical power and weakness of instruments are
other possible explanations. In fact, at least for France and the US, the instrument appears
weak (Galama et al., 2018). Other limitations of the method include possible confound-
ing effects from other progressive reforms, such as public health improvements and school
lunch programs, and relying on identification of the effect for a specific group of marginal
dropouts from a compulsory school. The population of marginal school dropouts may
have a wide range of IQs but can be expected to have lower IQ levels on average. My paper
7Depending on available data and the research question, “good health” in this definition
could mean, for instance, “not disabled” or “free from chronic disease.”
8Some papers investigated not longevity, but health-related outcomes. For instance,
Clark and Royer (2013) and Arendt (2005) do not find a causal effect of schooling on health
for the UK and Denmark respectively.
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complements these results by focusing on a different education level (college education)
identified for a different population (high-ability people).
Draft Avoidance Unlike the effect of compulsory education, the effect of college educa-
tion on longevity is largely unexplored, perhaps since suitable natural experiments are less
readily available. An exception is a paper by Buckles et al. (2016), which uses the state-
by-cohort-level mortality rates of men and identifies a strong and statistically significant
effect of college graduation on longevity from Vietnam War draft avoidance. Limitations
of the Buckles et al. paper include that it identifies the effect only for those who choose
more education as a result of the risk of draft and that it is difficult to separate the effect of
college from the effect of being drafted to serve in Vietnam.
My paper further explores the effect of college education on longevity, and complements
the paper by Buckles et al. in a number of ways. First, I use a different methodology
discussed below in this section. Second, I study a different population and my sample
includes women. Third, rather than looking at binary mortality over a 25-year period, I
study mortality in continuous time over 56 years of life, which allows me to estimate the
survival function and, as a result, the effect on life expectancy and the value of remaining
life.
Twin Studies This literature uses twin fixed effects as a source of identification. Studies
typically use the total number of years of schooling to maximize statistical power, and so
they measure the average effect of schooling across various education levels. Very few twin
studies are long enough and have a large-enough sample size to reliably estimate the effect
of education on longevity. Results based on these few studies are mixed.
In particular, based on Swedish twin data Lundborg et al. (2016) find strong effects
of education on longevity for both men and women. Results based on Danish twin data
vary: Madsen et al. (2010) and Behrman et al. (2011) find no effects, while Van Den Berg
et al. (2015) finds an effect on mortality for men but not for women based on a different
methodology. Savelyev et al. (2020) use US Minnesota Twin Registry (MTR) data and
demonstrate a statistically significant effect of schooling on mortality for men.9 Again,
9Amin et al. (2015) also use MTR data, which they combine with the Mid-Atlantic Twin
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these different results may be partly related to differing effects of education for different
countries.
Limitations of twin studies include a possibility of unobserved confounders behind
estimated effects; large attenuation bias due to measurement error in education, which is
amplified by taking differences across twins; and difficulties in generalizing results outside
of twin populations.
This paper complements results of this literature by adding additional evidence for
longevity in the US, which we know very little about from twin studies (Savelyev et al.,
2020). Moreover, I study a specific policy-relevant education margin (college education)
rather than one year of schooling averaged across different margins.
Structural Equation Modeling An alternative approach to causal inference is to explic-
itly model the interdependence between observed and unobserved confounders, education,
and health-related outcomes (e.g., Conti and Heckman, 2010). I complement these results
by studying longevity, an objective outcome that incorporates all observed and unobserved
inputs to the health production function and a unique margin for the quantity rather than
quality of life (Becker, 2007; Galama and van Kippersluis, 2015; Murphy and Topel, 2006).
As I find no selection into education level on noncognitive skills in this paper whereas Conti
and Heckman (2010) find strong selection, we can conclude that selection on noncognitive
skills strongly depends on the range of IQ. I also extend the methodology by accounting for
multidimensional latent noncognitive skills combined with modeling unobserved hetero-
geneity that is not accounted for by latent noncognitive skills and find that ignoring such
unobserved heterogeneity leads to a sizable bias.10
Following the structural equation approach, Bijwaard, van Kippersluis, and Veenman
(2015) (BKV) and Bijwaard et al. (2015) study the relationship between IQ, education, and
mortality. The authors use data from the Netherlands and find an effect of education on
Registry (MATR). The authors concentrate on health-related outcomes, not longevity, and
find little evidence of the causal effect of schooling. However, Savelyev et al. (2020) argue
that pooling sexes and using noisy outcomes masks important relationships.
10The longevity results of this paper are in line with a number of papers that identify
effects of post-compulsory education on health-related outcomes other than longevity (Bol-
yard and Savelyev, 2020; Conti et al., 2010; Currie and Moretti, 2003; de Walque, 2007;
Grimard and Parent, 2007; Heckman et al., 2018).
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mortality and a strong selection into education based on IQ. BKV extend the framework
by Conti and Heckman (2010) by accounting for left truncation. The authors note that
they could not incorporate a model for noncognitive skills into their analysis due to data
limitations, which could possibly bias their results. In contrast, my model incorporates
multidimensional noncognitive skills. After showing that left-truncation issues are negligi-
ble for the Terman data, I extend the framework outlined by Conti and Heckman (2010) by
accounting for unobserved heterogeneity that is not captured by latent noncognitive skills
and show that the lack of this control leads to a large bias. This paper complements that of
BKV not only methodologically, but also substantively. First, I study a different population
from a different country.11 Second, while the authors look at the effect of completing any
schooling above primary school, I examine the effect of college education. Third, while BKV
emphasize the effect of IQ, I concentrate on the effects of noncognitive skills conditional on
high IQ.
A related paper by Hong, Savelyev, and Tan (2020) based on the Wisconsin Longitudinal
Survey data also suggests an effect of college education on longevity for men, but that pa-
per is based on a different population (high school graduates from Wisconsin) and focuses
on estimating contributions of multiple mechanisms of longevity to the total effect on mor-
tality, something that I could not do in this paper due to sample size and data limitations.
Unlike this paper, the Hong, Savelyev, and Tan (2020) paper studies neither effects of the
Big Five nor their confounding role.
Limitations of structural equation methods include reliance on additional structural
assumptions and generalizations of the conditional independence assumption. However,
using semi-parametric models and accounting for unobserved heterogeneity, as I do in this
paper, makes these assumptions more plausible. Moreover, my assumptions are consistent
with placebo tests.
Propensity Score Method Bijwaard and Jones (2019) use the propensity score method and
find that education hardly affects mortality for men born in 1944–1947 in the Netherlands.
In a separate paper, Bijwaard et al. (2017) estimate a case-specific education gradient in
mortality by combining the propensity score method with family fixed effects. The authors
11The authors study a cohort from the province of Noord-Brabant in the Netherlands.
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use data on men with brothers from the Swedish Military Conscription agency (1951–1983)
and find that improving education by one level leads to three to 10 additional months of
life between ages 18 and 63 and that most of the mortality gains are attributable to mor-
tality from causes that are unrelated to disease (traffic accidents, suicides, etc.). The main
limitation of these papers is their reliance on the conditional independence assumption.12
Substantively, my paper complements these papers by estimating the effects of both edu-
cation and noncognitive skills and studying a very different population.
Epidemiological Studies of Schooling, IQ, and Longevity Batty and co-authors use
Swedish conscripts data and show that IQ is associated with all-cause mortality and with
mortality from heart disease and suicide, and that controlling for education markedly at-
tenuates these results (Batty et al., 2009). Also, Batty et al. (2007) show that adolescent IQ is
robustly related only to skin cancer. Finally, Batty et al. (2009) show that IQ has a preventa-
tive effect on injury mortality. These results are in line with the rest of the literature, which
shows that IQ is negatively associated with mortality and that controlling for education
attenuates the association (see Batty et al. (2007) and Calvin et al. (2011) for surveys.)
Another source of attenuation is family and genetic influence. Næss et al. (2012) study
the confounding effect of a family factor shared by siblings on the association between
education and case-specific mortality in adulthood and confirm that shared family factors
confound the effect, with varying magnitudes. The authors used data on all Norwegians
born in 1940–1959 who had one or more siblings within the cohort and were alive in 1990.
Given that, based on epidemiological studies, IQ is expected to be a major confounder,
it is useful that I am able to control for it twice: (1) by using a high-IQ sample and (2) by
using early IQ as a control. My paper complements these studies by estimating the effect
of education and socioemotional skills conditional on high IQ.
3 Terman Data
The Terman Study started in 1922 and continued through 1991. The sample consists of
about 1,500 men and women selected in their childhood and adolescence for their high
12The authors call it “unconfoundedness assumption.”
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ability based on teachers’ nomination followed by an IQ test with a cut-off value of 140.13
The subjects, who are white and mostly financially comfortable, were born, on average,
in 1910.14 The study has an attrition rate below 10%, which is exceptionally low for a
70-year-long prospective study. Moreover, the attrited subjects are known not to differ sys-
tematically in terms of education, income, and demographic factors from the main sample
(Sears, 1984). There is also no evidence that members of the attrited group differ signifi-
cantly from others on measures of personality (Friedman et al., 1993).
Table 1 shows descriptive statistics for IQ, education, and 23 background variables.
The background variables are grouped into five categories: early health, early childhood
investments, parental background, World War II experience, and cohort dummies.
Participants have an average IQ of about 149. As for education, 69–73% of participants
earned a bachelor’s degree, and 16–20% have some college education below a bachelor’s
degree. It may seem surprising by modern standards that as many as 10–11% of high-
ability subjects did not continue their education beyond high school. The education choice
becomes more understandable once we look at historic trends and see that a high school
degree for this generation corresponds rank-wise to a college degree for recent cohorts,
while only 5% of this population completed college.15
One important benefit of the longitudinal nature of the Terman study is the detailed
education data collected several times from 1922 to 1968, both prospectively and retrospec-
tively. This paper uses all available information to infer the highest education level, an
approach that contributes to the accuracy of education measurement.
Table 2 shows health-related outcomes except for longevity, which is described later in
13Teachers nominated from one to five children, usually four, from classes of 30–50
pupils. Teachers were asked to base nominations on such proxies of high IQ as intelligence,
quickness of grasp, originality, ability to reason clearly about new and difficult problems,
breadth and accuracy of information, command of language, common sense, and indepen-
dence of judgment. Conditional on talents, younger age was viewed favourably (Terman
et al., 1925).
14Terman et al. (1925) refer to the economic status of a majority of families as “fairly
comfortable,” and indicates that only a few families were “truly in poverty.” I control for
adequate finances and social position in all models.
15According to Figure 5 of Heckman and LaFontaine (2010), the high school completion
rate for the 1910 general population cohort is about the same as college graduation rate for
the 1980 cohort: 30%. Only about 5% of the 1910 cohort finished college.
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IQ(a) 1922 149.2 (10.50) 148.5 (10.24)
Highest Education Level
High school graduate 1922–1968 0.102 (0.303) 0.112 (0.315)
Some college 1922–1968 0.164 (0.370) 0.200 (0.400)
Bachelor's degree or above 1922–1968 0.734 (0.442) 0.688 (0.463)
Early Health
Normal birth(b) 1922 0.603 (0.489) 0.652 (0.476)
No breastfeeding(b) 1922 0.106 (0.308) 0.089 (0.285)
Health rating in 1922(c) 1922 8.545 (1.972) 9.023 (1.906)
Low birthweight (below 2.5 kg)(b) 1922 0.021 (0.145) 0.046 (0.207)
Mother's poor health during pregnancy(b) 1922 0.168 (0.374) 0.177 (0.382)
Nutrition poor or fair in 1922 1922 0.086 (0.281) 0.072 (0.259)
Severe acute and chronic illnesses since 1922 1928 0.120 (0.324) 0.092 (0.290)
    Signs of nervousness 1928 0.206 (0.405) 0.224 (0.416)
Early Educational Investments
Logarithm of the amount of parental tutoring(d) 1922 0.445 (0.370) 0.410 (0.358)
Logarithm of the amount of private tutoring(d) 1922-1928 0.103 (0.373) 0.345 (0.597)
Parental Background
Father is deceased by 1922 1922 0.085 (0.279) 0.076 (0.265)
Parents are divorced by 1922 1922 0.049 (0.217) 0.050 (0.217)
Father has at least a bachelor's degree 1922 0.330 (0.470) 0.287 (0.453)
Mother is employed 1922 0.136 (0.344) 0.141 (0.348)
Father is a professional 1922 0.254 (0.435) 0.292 (0.455)
Either parent from Europe 1922 0.230 (0.421) 0.213 (0.410)
Parental finances adequate 1922 0.370 (0.483) 0.380 (0.486)
Parental social position below average 1922 0.252 (0.434) 0.153 (0.361)
World War II Experience
WWII participation 1945 0.435 (0.496) 0.026 (0.158)
WWII combat experience 1945 0.150 (0.356) 0.004 (0.063)
Cohort
Cohort: 1904–1907 1922 0.243 (0.429) 0.174 (0.378)
Cohort: 1908–1911 1922 0.463 (0.499) 0.468 (0.499)
Cohort: 1912–1915 1922 0.294 (0.455) 0.358 (0.480)
Estimation Sample Size 695 536
   





Not s: (a)The best estimate of IQ in 1922 is provided by survey organizers and is based
on all available test scores including Stanford Binet and Terman Group Tests. (b)Indicators
of conditions at birth are reported retrospectively by parents in 1922. (c)An average over
non-missing values of teachers’ and parents’ ratings is used. Both teachers and parents
rated general health of students on a continuous scale by drawing a mark anywhere on
a line segment (see Figure A-1 of the Web Appendix). Survey organizers quantified the




























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































the results section,16 and life satisfaction outcomes by education level.
I use these variables to understand the mechanisms of longevity production and the per-
sistence of the effects on health over the lifespan. Some likely mechanisms, such as smoking
or physical exercise in early and mid-life, are missing in the data. However, information is
available on self-reported heavy drinking, marriage, memberships in organizations (a proxy
for social connections and an active lifestyle), belonging to a professional occupation, and
health measures: mental issues and general health ratings. Table 2 demonstrates the same
relationships as we will see above from regression analysis: better education corresponds
to healthier lifestyles, superior health, and better life satisfaction.
I restrict the data based on a number of criteria chosen prior to estimation. I exclude
subjects who: (1) were not born in the period 1904–1915;17 (2) have missing 1922 ratings
of noncognitive skills; (3) have missing education information; (4) dropped out of high
school;18 and (5) died or attrited before age 30.19 Criteria (1) and (2) have also been used
by psychologists investigating the same data (Martin et al., 2007). The resulting estimation
sample size is 695 for men and 536 for women.
Measuring Noncognitive Skills Although there are various ways to define noncognitive
skills, one of the most established methods is to use the Big Five taxonomy of personality
(John and Srivastava, 1999). The data on personality collected in 1922 and 1940 by Terman
and coworkers are both theoretically and empirically close to the Big Five taxonomy (Martin
et al., 2007).
Table 3 summarizes measures that I use for the main model of this paper.20 The table
16See Kaplan-Meier survival curves in Figure 1.
17This restriction makes the cohorts more comparable by excluding a small number of
respondents in the tails of the year of birth distribution.
18Conditional on all other sample restrictions listed here, only two men and five women
dropped out of high school. The number of dropouts is so small that reliable estimation
of the dropout effect is impossible. Alternatively, it would be a strong assumption to view
dropouts and high school graduates as belonging to the same education category.
19Deaths before age 30 are rare for Terman survey participants, but counting them may
bias our estimates towards the reverse causal case. However, as I show above, results are
robust to the choice of the truncation point.
20As in previous research based on the same data (Friedman et al., 2010, 1995, 1993), I
average teacher’s and parent’s ratings of children’s noncognitive skills to account for all
available sources of information. This approach is in line with Murray et al. (2007), who
conclude that obtaining ratings from multiple informants is critical for obtaining a full
14
Table 3: Childhood Noncognitive Skills that are Used for the Main Model and Their Mea-
sures from 1922 Questionnaire
Conscientiousness Openness Extraversion
Prudence and forethought Desire to know Fondness for large groups
Conscientiousness Originality Leadership
Truthfulness Intelligence Popularity with other children
Notes: Measures are named the same way as they appeared in the Terman questionnaire.
See Figure A-1 of the Web Appendix for an example of Terman questionnaire question.
shows measures of Conscientiousness, Openness, and Extraversion, which were collected
in 1922. As I am interested in the effect of childhood skills, measures from 1922 correspond-
ing to ages around 12, are the most relevant. To complete the Big Five taxonomy, I also use
measures of Neuroticism and Agreeableness from 1940 as the earliest available information
on these two dimensions21. As I argue below, the 1940 factors of Agreableness and Neuroti-
cism show no association with longevity or education, either individually or jointly, and so
they are used for robustness checks rather than for the main model estimation.
4 Methodology
4.1 A Model of Schooling and Longevity
I use the full maximum likelihood estimator and the expectation-maximization (EM) algo-
rithm to estimate a system of equations that model relationships between latent noncogni-
tive skills Θ, IQ, schooling D, and the hazard of death λ(t).22 Estimation is conditional on
picture of children’s functioning.
21See Web Appendix A for more details.
22The IQ is not latent in this paper, as there is only one measure of IQ available, which
is not enough for latent skill identification. However, this data limitation is minor, as the
population is already selected on having extraordinarily high IQs. Therefore, I concen-
trate on effects from personality, which has substantial variation, and use IQ mainly as an
additional control just in case IQ still affects outcomes for this high-ability population.
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background variables X , which I omit from the equations for the sake of brevity.23
Let D be a categorical choice of the highest education level obtained in life that takes
values from 1 to 3: (1) high school graduate, (2) some college education, and (3) bachelor’s
degree or above.24 Denote three binary variables for education levels as Dk = 1[D = k],
k = 1, 2, 3. In the ordered logit model, the latent propensity for education, D∗, determines
the choice of schooling by the following rule: D = 1 if D∗ ≤ δ1, D = 2 if δ1 < D∗ ≤ δ2,
and D = 3 if D∗ > δ2, where δ1 and δ2 are thresholds to be estimated and εD is logistic
distributed. D∗ is affected by personality Θ and IQ:
D∗ = a1Θ + a2 IQ + µD + εD, (1)
where εD is an idiosyncratic error term and µD is unobserved heterogeneity in D∗.
A mixed proportional hazard (MPH) model with nonparametric baseline hazard func-
tion λ0(t) (like in the Cox model) relates the hazard of death after age 30, λ(t), to noncog-
nitive skills, IQ, and binary variables for education levels, D1 and D2:
λ(t) = λ0(t) exp(b1Θ + b2 IQ + b3D1 + b4D2 + µλ), (2)
where term µλ accounts for unobserved heterogeneity in λ(t).25
23To impute missing values in X , I use the MCMC multiple imputation method (Rubin,
1987; Schafer, 1997), which is known to preserve the variance-covariance matrix of data.
24“Bachelor’s and above” category includes bachelor’s, master’s, and doctorate degrees.
Since master’s and doctorate do not contribute to longevity of Terman subjects relative to
bachelor’s, I do not separate them to keep the model as parsimonious as possible. The
Wald test statistic for Masters and Doctorate jointly affecting longevity in the main model
with added Masters and Doctorate levels is 0.461, with p-value of 0.794.
25In general, coefficients of such model can be strongly biased due to dynamic selection
problem. However, the age of the left truncation makes a difference for the practical im-
portance of this bias. I find that model results are robust to the truncation point: truncation
at start of the survey (year 1922, about age 12), and at ages 23, 25, 27, and 30 all show
very similar results due to negligible mortality (see Table B-1 of the Web Appendix), which
would not be the case if dynamic selection were a serious issue. These results are in line
with Bijwaard et al. (2015), who note that “...education choice is determined before mortal-
ity plays a major role: mortality can be largely ignored for young ages.” As my model is
robust to left truncation point before age 30, I use truncation at age 30 for the main model
specification to avoid reverse causality, which happens automatically when students die
before finishing their education. By age 30 only 5% of the Terman population are in school
(see Figure B-1 of Web Appendix B).
16
To model unobserved heterogeneity µD and µλ I use the semi-parametric heterogene-
ity model approach, which has been shown to be effective for accurate estimation of both
duration models (Heckman and Singer, 1984), and recursive nonlinear systems with en-
dogenous variables (Mroz, 1999). This method is free from any specific functional form
assumptions about the distribution of unobserved heterogeneity. Terms µD and µλ take on
values µD1, ..., µDK, and µλ1, ..., µλK with shared probabilities p1, ..., pK, so that ∑Kk=1 pk = 1.
The number of latent classes K is determined by the econometrician to maximize statis-
tical fit while avoiding empirical non-identification (e.g., Cameron and Trivedi, 2005, pp.
624–625).
I relate latent noncognitive skills to their noisy measures through measurement system
(3), which is necessary for identification of the factor model. The measurement system,
which allows for correlations among latent skills, can be described by the following equa-
tion:
M = αΘ + η, (3)
where M is a vector of measures generated by a vector of latent factors Θ, α is a matrix of
factor loadings that is empirically justified in Web Appendix A, and η is a vector of error
terms.
I allow unobserved heterogeneity µ to be correlated with IQ and Θ: latent noncognitive
skills and IQ are linked to probabilities p1, ..., pK through a multinomial logit model:
pk =
exp(c1kΘ + c2k IQ)
∑kj=1 exp(c1jΘ + c2j IQ)
(4)
Using multinomial logit is a standard way to allow for correlation between unobserved
heterogeneity and covariates (e.g., Huang and Bandeen-Roche (2004)). For background
controls other than IQ I use the standard assumption of orthogonality between background
controls and unobserved heterogeneity (Van den Berg, 2001). The likelihood function for
the model is presented in Web Appendix C.
Identification of the model comes from well-established identification of its standard
components. I make several standard normalizations and assumptions.26 Those include:
26See Anderson and Rubin (1956) for more details on standard factor modeling.
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(a) setting the variance of each component of vector Θ to one; (b) setting the sign of the ef-
fect of each factor on its first measure so that the interpretation of the factor is positive27; (c)
assuming mutually independent error terms, η and εD; (d) making a number of exclusion
restrictions in matrix α, which are justified by exploratory and confirmatory factor analysis
documented in Web Appendix A.
Second, the recursive nature of Equation (2) relative to the ordered logit model (1) also
contributes to identification by providing a useful exclusion restriction: schooling decision
appears in the right-hand side of the MPH model (2), but realized life duration, a future
outcome, does not appear in the schooling model (1).28 Our control for unobserved hetero-
geneity µ allows us to control of unobserved characteristics that predict both schooling and
longevity. Subjects do not know exactly how long they are going to live when they make
schooling decisions, but they may have expectations based on personal characteristics, such
as general health. The schooling model is conditional on predictors of longevity including
those unobserved to the econometrician (unobserved heterogeneity). Identification of the
semiparametric heterogeneity model that allows for covariate effect on unobserved hetero-
geneity is shown by Huang and Bandeen-Roche (2004).
Under the assumptions of the model we can interpret results as causal. It is always
safe to interpret results as associations conditional on a large number of observables and
unobservables. Confounding is possible but given the quality and wealth of controls we
can expect it to be minor. The first powerful control is selection of the sample on high IQ,
which makes all subjects similar with regard to a known major confounder. The second is
IQ itself, which is used as a regressor in case it still influences outcomes in such a selective
sample. The third is a large set of observables including multiple early health measures,
early educational investments by parents and private tutors, parental background, and
cohort. The fourth is a set of well-established latent noncongitive skills represented by the
Big Five taxonomy. The fifth is the control for permanent unobserved heterogeneity that is
not accounted for by latent skills.29 After taking full advantage of uniquely detailed data it
27For instance, it is helpful when higher latent factor of Conscientiousness implies a
higher, not lower, propensity to be organized and controlled.
28See Maddala (1983), pp. 120–123 for an analysis of the useful role of recursion in
identification of nonlinear systems of equations.
29Examples of permanent unobserved heterogeneity include genetic endowments and
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is hard to think of important confounders that remain uncontrolled.
The problem of reverse causality, which is estimating the effect of longevity on education
instead of the effect of education on longevity, is unlikely. Individuals do not know their
exact longevity when they make schooling decisions, but they may act on their longevity
expectations. I do the following to account for such expectations: (1) controlling for sev-
eral observed measures of early health of the individual and detailed family background;
(2) using the sample conditional on survival to age 30, thus making the reverse causal
case unlikely, since those who died as a student or soon after graduation are excluded30;
(3) finally, unobserved heterogeneity µ is designed to account for otherwise uncontrolled
health-related shocks, attitudes, endowments, or family background.
4.2 Modeling Health-Related Outcomes and Life Satisfaction
To understand the mechanisms behind the effects of skills and education on longevity,
I estimate parameters of the following equations for a number of health-related and life
satisfaction outcomes Hp, p = 1, ..., P, simultaneously with equations (1), (3), and (4):
H∗p = d1Θ + d2 IQ + d3D1 + d4D2 + µp + ξp, (5)
where H∗p is defined differently for binary and continuous outcomes. For binary outcomes,
H∗p is a latent propensity to make a choice in a logit model. For continuous outcomes,
H∗p = Hp in a linear model. Letter ξp represents the error term. Other notation is the same
as in Equation (2).
Health and health behaviors are likely mechanisms behind the effect of education on
longevity and can, as a part of decomposition analysis, be added to the longevity equation
2. This, however, would change the interpretation of education coefficients. Instead of esti-
mating the total effect of education, as I do now, I would estimate a direct effect conditional
health shocks before making the choice of one’s education level. I leave generalizations of
this model that could include a dynamic modelling of health formation and the associated
time-varying unobserved heterogeneity to future research based on data that are better
fitted for such model.
30By age 30, only about 5% of the Terman population are in school (see Figure B-1 of the
Web Appendix).
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on its mediators. This paper lacks both statistical power and data about several important
mechanisms for a satisfactory decomposition analysis. For example, Terman data have no
information about both early and mid-life smoking, an important mechanism (de Walque,
2010). Therefore, I limit my analysis to suggesting a number of observed mechanisms: I
estimate how education affects variables that can be expected to affect longevity, such as
heavy drinking. I leave full decomposition analysis to Hong, Savelyev, and Tan (2020), who
use different data with a larger sample size and more detailed observed health behaviors.
4.3 Placebo Tests
Additional support of the model comes from placebo tests. Instead of outcomes, such as
longevity or health at midlife, for which I find strong effects of education, for placebo tests
I use eight early health measures, such as low birth weight. Obviously, college education
cannot possibly affect early health, but if my results are driven by unobserved third factors,
such as unobserved health endowments, it is possible to get statistically significant “effects”
of education on early health, which would be an indication of a model that misses impor-
tant confounders and only identifies associations. Estimating equation (5) simultaneously
with equations (1), (3), and (4) and using early health outcomes as Hp, I find that none of
the college education thresholds affects any of the eight measures of early health.31
5 Results and Discussion
First, I describe nonparametric results and then proceed with the main (semi-parametric)
model. Next, I discuss effects on life expectancy and the value of life, mechanisms behind
the estimated effects, compression of morbidity hypothesis, robustness checks, limitations
of results, and external validity.
Nonparametric Results Figure 1 shows the Kaplan-Meier survival curves by education
and sex conditional on survival to age 30. For males, higher levels of education correspond
to higher probability of survival. For instance, while for high school graduates the survival
31For placebo tests, the early health variable that is used as outcome is omitted from the
set of controls X (see Table 8).
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p=0.9874
Notes: Probability of survival is conditional on survival to age 30. Education groups are
mutually exclusive and refer to the highest level of education obtained in life; p-values are
shown for the log-rank test for the equality of survivor functions. Calculations are based
on the Terman data.
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rate to age 80 is about 22%, for men with at least a four-year college degree the survival
rate is 56%. The log-rank test for the equality of survivor curves is rejected.
For women, we can see no difference between the Kaplan-Meier survival curves by
education level, and the log-rank test cannot be rejected. This result is preserved when I
estimate the main model, which controls for both observed and unobserved heterogeneity.
Cognitive and noncognitive skills show no effects for women either, either individually
or jointly. These sex differences are consistent with results found by Savelyev and Tan
(2019), who show that effects of education and noncognitive skills on health behaviors
are substantially more numerous and stronger for men than for women of the high-IQ
population. Conti and Heckman (2010) study the heterogeneity of the effect of education
on health-related outcomes including smoking, poor health, and obesity, and find that the
effect of education for men of the general population tends to become stronger with IQ,
while for women it tends to become weaker. These tendencies are consistent with a strong
effect for men and no effect for women for the Terman sample of high-ability individuals.
Model-Based Results by Sex As I find no relationships of interest for women, the rest of
the paper focuses on results for men. Corresponding statistically insignificant main model
results for women are presented in Web Appendix B.
Main Model Estimates and the Role of Controls Table 4 contains estimates of the main
model for men (see Model 1), as well as estimates of simplified models (see Models 2–
5).32 Column (1) shows coefficients of the main MPH model of mortality. Both incomplete
college and high school education lead to higher mortality relative to completing a college
degree. The estimates suggest that high school graduates are 2.6 (= exp(0.974)) times more
likely to die at any moment of time than those with a bachelor’s degree, and those with
some college education are 1.7 (= exp(0.525)) times more likely to die compared to college
graduates.
We can also see that Conscientiousness and Extraversion show negative direct effects of
similar magnitude on the hazard of death. As effects of Conscientiousness and Extraversion
32See Table B-2 of the Web Appendix for an analogue of Table 4 estimated for females,












































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































on education are at best weak, direct effects of these skills are close to their total effects.33 I
do not find a statistically significant effect of Openness, but positive sign of the estimate is
consistent with adverse effects of Openness on health behaviors and life satisfaction, which
is documented below.
Column (2) shows coefficients for the main ordered logit model of education. The only
statistically significant result is a positive coefficient for IQ. It is remarkable that IQ shows a
strong effect on education even though subjects were selected on IQ above 140. One reason
for finding no statistically significant effect of noncognitive skills on education is that I
control for unobserved heterogeneity. A comparison of columns (2) and (4) shows that
without controlling for unobserved heterogeneity, the model shows a statistically significant
relationship between Conscientiousness and education. This finding is likely driven by an
unobserved confounding factor.
Another reason why controlling for unobserved heterogeneity is important is that esti-
mated coefficients differ substantially with and without such a control. These results are in
line with a well-known property of the MPH model that ignoring unobserved heterogene-
ity leads to a downward (by absolute value) bias of estimates (e.g., Van den Berg, 2001).
Indeed, the average downward bias due to omitting µ in the MPH model is about 20%
(compare statistically significant coefficients in columns (1) and (3)).
Models 3, 4, and 5 show results of incremental omission of variables from the model:
noncognitive skills, cognitive skills, and background variables. Interestingly, as a result of
successive changes from Model 1 to Model 5, coefficients decrease and then increase again
and get closer to coefficients in the main model so that the coefficient for high school degree
in Model 5 is biased 16% relative to that in Model 1, while the coefficient for some college
is biased only by 3%. This peculiar result could not be foreseen prior to estimation and
might be specific to this particular population.
Another unforeseen result of Table 4 is that the selection effect is at best small relative to
selection found in the literature for the general population. The omission of all noncognitive
skills changes estimated education coefficients by 5% on average.34 The likely reason for
33Additional evidence for this is available from the author upon request.
34I use average absolute value of change, as coefficients change in different directions.
The average value of change without taking the absolute value is 2%.
24
this result is either weak or nonexistent links between noncognitive skills and education for
this population, as we see in Column (2). The omission of IQ, a single skill variable that
does matter for education, changes education coefficients by 6% on average.
Table 4 also offers evidence that the proportional hazard assumption behind the main
MPH model is valid. Column (9) shows p-values for the proportional hazard (PH) test. The
PH hypothesis cannot be rejected for either individual variables or jointly.35
Results of the MPH model of all-cause mortality are robust to the exclusion of individ-
uals with specific major causes of death, as documented in Web Appendix B.36 In another
robustness check documented in Web Appendix B, I demonstrate that latent factors of
Agreeableness and Neuroticism that are proxied by 1940 measures are not predictive of
longevity both individually and jointly but greatly increase the degrees of freedom. These
factors can be dropped for greater parsimony and to avoid mixing childhood and adult-
hood skills. The lack of association between these two factors and longevity is in line with
previous research based on the same data (Martin et al., 2007). Also, the literature provides
no strong prior for either positive or negative effects of these traits (see Chapman et al.
(2011)).37
Model-Estimated Survival Curves and a Comparison with the General Population Fig-
ure 2 shows model-predicted survival curves by education and compares them with a
survival curve for white men of the general population, the 1910 birth cohort. First, pre-
dicted curves are very similar to non-parametric Kaplan-Meier curves in Panel (a) of Figure
1, which is another representation of the result that for this sample the combined selection
effect on observables and unobservables is negligible.
Second, we can see a sizable differences in counterfactual survival by education. Con-
ditional on survival to age 30, the chances to survive to age 86 is 40% for college graduates,
22% for those with some college education, and 10% for high school graduates.
Finally, we can see that the general population of 1910 birth cohort of men has about
17% chance to survive to age 86, which is higher than for Terman high school graduates
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Notes: Calculations are based on the Terman data and Census for Desease Control (CDC)
(Arias, 2012) for the survival of the 1910 cohort of white men.
but lower than for Terman subjects with some college education. The result that Terman
subjects with a high school degree live shorter than men from the general population,
despite having superior intelligence and education, is a puzzle. I address this puzzle below
in a section on the mechanisms and provide evidence that this result is consistent with life
dissatisfaction and adverse health behaviors of Terman high school graduates likely arising
from a major mismatch between their extraordinary cognitive ability and types of careers
available to high school graduates.
Effects of Skills on the Hazard of Death I find that both Conscientiousness and Ex-
traversion have statistically significant total effects on longevity and that these effects are
not driven by the choice of education, as we can foresee from panel 2 of Table 4.
26
A non-negative association between Conscientiousness and longevity is consistent with
a substantial literature (see Kern and Friedman (2008) for a survey). In particular, Friedman
et al. (1993) found a beneficial association for high-ability men based on the same data. The
authors used the Cox PH model with 1–7 degrees of freedom. I show that this qualitative
result survives controlling for detailed observed and unobserved heterogeneity. My total
effect estimate implies that an increase in Conscientiousness by one standard deviation
(s.d.) leads to a 17% decline ((1-exp(-0.182)) · 100%) in the hazard of death, a result that is
statistically significant at the 5% level.38
While Extraversion generally shows mixed associations with longevity, studies that use
Sociability and related facets of Extraversion, as in this paper, find positive associations with
longevity (see Chapman et al. (2011) for a survey). Previous studies based on the Terman
data did not find any associations between Extraversion/Sociability and longevity (e.g.,
Friedman et al., 1993), but they did not account for IQ, background controls, unobserved
heterogeneity, or measurement error in measures of personality. Thus, the strong effect of
Extraversion on longevity that I find is a novel result for a high-ability population and a
contribution to the ongoing debate about the role of Extraversion in longevity production.
One standard deviation increase in Extraversion leads to a 13% decline ((1-exp(-0.135)) ·
100%) in the hazard of death, a result that is statistically significant at the 10% level.39
I find no statistically significant effects of Openness and IQ on longevity. As mentioned,
I also find no evidence of longevity effects of Agreeableness and Neuroticism.
Effects of Skills and Education on Life Expectancy Column (1) of Table 5 shows counter-
factual life expectancies at age 30 by education level. It also shows that the model-predicted
sample average is close to the sample average implied by nonparametric Kaplan-Meier esti-
mates. Column (2) shows differences between counterfactual life expectancies by education
level relative to high school education. Conditional on survival to age 30, some college ed-
ucation adds 4.7 additional years of life, while a 4-year college degree or above adds 9.8
38My estimate of the total effect of Conscientiousness on the hazard of death is -0.182,
with a standard error of 0.086. Results on the decomposition of the total effect into direct
and indirect effects were not included into the final version of the paper, but they are
available from the author upon request.
39My estimate of the total effect of Extraversion on the hazard of death is -0.135 with a





















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































additional years of life, a remarkably high benefit.40 The same column shows that changing
Conscientiousness and Extraversion by one standard deviation leads to 2.0 and 1.6 addi-
tional expected years of life respectively.
The baseline survival function is nonparametrically estimated as part of the MPH model
until age 86, which allows estimation of the main model survival function until that age.
However, for a life expectancy calculation I need full support of the longevity distribution.
To solve this problem, I extrapolate the baseline survival function to age 100 using census
data for men of the cohort born in 1910. As a robustness check, I compare this extrapolation
with a linear extrapolation. As the upper tail of the survival curve is expected to be convex,
the linear extrapolation is, arguably, an upper bound. I also use a Gompertz-Makeham
extrapolation (e.g., Brown et al., 2002), an alternative approach to using Census survival
rates. Results based on these three methods are similar. The standard deviation of estimates
based on these three methods of extrapolation is shown in Column (7) and can serve as
an approximate estimate of the error introduced by the extrapolation. For the effect of
bachelor’s degree (9.8 years), two standard deviations give us a confidence width of about
one year.41
Effects on Skills and Education on the Value of Remaining Life In Panel B of Table
5, longevity benefits are evaluated in 2016 USD for a statistical person, using Murphy
and Topel’s (2006) methodology. The present value of additional life expectancy at age 30
compared to high school graduates is $500,000 for some college education and $930,000 for
4 years of college. These numbers represent the value of increase in life expectancy induced
by education for a contemporary 30-year old man if effects estimated in this paper were
applicable to him. This high longevity gain is estimated as a lower bound, as it does not
include the value of increased quality of life in the form of superior general and mental
health over the lifespan.42 The valuation of one standard deviation of Conscientiousness
and Extraversion are $160,000 and $110,000 respectively. Thus, the effects of education and
40I found no evidence of additional effects on longevity from master’s and doctorate
relative to bachelor’s.
41Before age 86 the MPH model coefficients are time-invariant, as supported by the PH
test. The implicit assumption that coefficients stay the same after age 86 may introduce an
additional error.
42I discuss the effect on general health below, as part of a discussion of Table 6.
29
skills are economically significant. Unlike Panel A, Panel B shows almost identical results
for all three methods of extrapolation. The robustness of the value of remaining life comes
from discounting the future: the extrapolation only affects ages above 86, which are heavily
discounted at age 30.43
Effects of Education and Skills on Health and Health-Related Outcomes Table 6 shows
effects of education and skills on health and health-related outcomes. Models presented in
the table are similar to the longevity model discussed above. Just as for longevity, model
(5) for behavioral and health outcomes is estimated jointly with the models (1), (3), and (4)
conditional on the same observable and latent controls. Estimation is performed outcome
by outcome.
The observed effect of education on longevity is supported by several plausible mech-
anisms documented in Table 6. Indeed, we observe statistically significant positive effects
of education on marriage, memberships in organizations, occupation as a professional, and
general health, and negative effects on heavy drinking of alcohol and mental difficulty.
Conscientiousness is known to have a strong association with beneficial health-related
outcomes (Roberts et al., 2007). Conscientious people tend to delay gratification, plan for
the future, and act towards their goals (John and Srivastava, 1999). These characteristics
boost health-beneficial choices. Not surprisingly, Table 6 shows that conscientious subjects
are less likely to drink heavily, more likely to get married, and have better general and
mental health. These results suggest mechanisms behind the relationship between Consci-
entiousness and longevity and support a causal interpretation.
The effect of Extraversion on longevity is also supported both theoretically and empir-
ically. Extraversion, which is a propensity to be active and social, may help create social
skills and networks of friends, which, in turn, boost both mental health and earnings.44
Gensowski (2018) shows a strong effect of Extraversion on earnings with the same data.
However, it is unclear from the literature whether earnings (or, in general, wealth) affect
43I use discount rate 3.5 following Murphy and Topel (2006).
44Extraverted individuals tend to have larger social networks and more friendships, how-
ever the quality of these friendships is an ongoing area of research (see Harris and Vazire


























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































health and longevity and, if yes, whether the effect is positive, negative, or nonexistent.45
As for other mechanisms, Table 6 shows that Extraversion is associated with one ad-
verse health behavior, heavy drinking, which might be a side effect of greater socialization
(Panel 1). However, positive effects on general and mental health suggest that negative
contribution of heavy drinking is compensated by other channels. I document a positive
effect of one such possible channel, stable marriage (Panel 2).
As is also discussed in a companion paper on health behaviors by Savelyev and Tan
(2019), Openness for high-ability men shows no single beneficial health-related outcome
and a number of adverse ones. In particular, we see from Table 6 that heavy drinking in-
creases, marriage probability decreases, and mental and general health decrease. However,
the effect on general health fades after age 40, which might be the reason why we do not
observe any statistically significant adverse effect of Openness on longevity.
Compression of Morbidity The beneficial effects of education, Conscientiousness, and
Extraversion not only on longevity but also on health over the lifecycle found in this paper
are consistent with the controversial compression of morbidity hypothesis: whether the
fraction of the lifespan spent in good health increases with longevity (e.g., Cutler et al.,
2014). Compression of morbidity has important practical implications. First, it implies that
the highly valuable superior quantity of life is accompanied by greater quality of life, thus
making increases in longevity even more beneficial for individuals (Murphy and Topel,
2006). Therefore, an increase in longevity though investments in skills and education does
not create an army of disabled people, but people who are both healthier and live longer.
Finally, the compression of morbidity lowers the cost of health care relative to the case of
no compression.
Results of this paper are consistent with the compression of morbidity. As we see
from Table 6, the effect of schooling and Extraversion on general health are economically
45Snyder and Evans (2006) find a negative effect of wealth on longevity and Kippersluis
and Galama (2014) find a positive effect on adverse health behaviors. In contrast, Schwandt
(2018) find a positive effect on health and longevity. Frijters et al. (2005), Lindahl (2005),
and Gardner and Oswald (2007), find a positive effect on health related outcomes. Finally,
Kim and Ruhm (2012), Apouey and Clark (2015), and Cesarini et al. (2016) find no effect on
health related outcomes with the exception of some small reduction in the use of mental
health drugs (Cesarini et al., 2016).
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and statistically significant and persistent for ages 40–76.46 Conscientiousness increases
general health at ages 40 and 62, an effect that declines with age and becomes statistically
insignificant by age 76. Schooling increases mental health at age 40. Conscientiousness and
Extraversion increase mental health at both ages 40 and 50. Thus greater longevity that is
induced by growing education and noncognitive skills is associated with superior general
and mental health in both middle- and advanced ages.
Similar health-related outcomes are also analysed in a companion paper by Savelyev and
Tan (2019), which is based on the same Terman data but does not study longevity. Apart
from other contributions relative to earlier works by psychologists (e.g., Friedman et al.,
1995; Martin et al., 2007), Savelyev and Tan (2019) demonstrate that the key conditional
associations between skills, education, and health-related outcomes survive controlling for
familywise error, an error that originates from testing multiple hypotheses. In this paper,
the aim of modeling health and health behaviors is different: I support the compression
of morbidity hypothesis and provide evidence on the mechanisms using models that are
fully consistent with the main longevity model.47 In particular, Table 6 demonstrates re-
sults conditional on unobserved heterogeneity µ, which was not controlled for in previous
literature (e.g., Friedman et al., 1995; Savelyev and Tan, 2019).
Effects of Education and Skills on Life Satisfaction Table 7 is based on the same model
as Table 6 but with different outcomes. It shows effects of education and personality on
life and job satisfaction. Panels (1-8) suggest that lower level of education, especially high
school degree, leads to lower probability of job and life satisfaction, lower control over
choice of occupation, sense of wasted intellectual abilities, and hindered life due to inade-
quate education.
Another result of this table is that Conscientiousness is associated with greater work sat-
isfaction, availability of outlets for mental capabilities, and job satisfaction, whereas Open-
ness has negative effects on the very same outcomes. Combined with results of Table 6,
46For instance, as late as at age 76, not having a high school degree increases health
disadvantage relative to college graduates by 0.7 standard deviations (SD) of the general
health distribution, a large change. One SD of Extraversion increases health by 0.16 SD, a
smaller but not negligible change.
47The models have the same education sub-model and measurement system, the same








































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































which showed increased heavy drinking combined with negative effects on marriage, men-
tal, and general health, we can conclude that Openness is counterproductive for this cohort
with respect to multiple observable health-related outcomes. In line with these results, the
estimate of the total effect of Openness on the hazard of death is positive, but not precisely
determined.48
Understating Sizable Effects of Education on the Hazard of Death and Life Expectancy
The first question is whether estimated sizable effects represent causal relationships. As
I argue in Section 4, while confounding and reverse causality cannot be completely ruled
out, for this particular data they are unlikely to drive the results.
The second question is how to explain sizable effects of education for men: 4.7 addi-
tional years for some college education and 9.8 years for Bachelor’s or above conditional
on living to age 30.
The estimated effect is comparable with the effect found by Lleras-Muney (2005), who
uses US compulsory schooling laws as a source of identifying variation and finds that
an additional year of compulsory schooling causes a 1.7 year increase in life expectancy
conditional on living to age 35. Conditional on a strong assumption of constant effect of
schooling over different educational thresholds, this would imply about seven years for an
additional four years of education, which is the difference between 4-year college and high
school. Since we find no effect for women, our effect of college for a person of random sex
is about five years (0.5 · 9.8 + 0.5 · 0). This is less than the seven years implied by the result
by Lleras-Muney, which is based on a sample of pooled sexes. As mentioned, it is a strong
assumption that the effect of compulsory schooling for a marginal school dropout is the
same as the average effect of college education for a person with IQ above 140, but it is of
interest that our complementing results are of comparable magnitude.
Darden et al. (2018) show that the longevity cost of lifetime smoking is about 4.3 years,
about a half of our estimated effect of education. However, we can expect education of peo-
ple with high ability to affect longevity not only through smoking but also through many
48My total effect estimate implies that an increase in Openness by one s.d. leads to an im-
precisely determined 8% increase in the hazard of death ((exp(0.077)-1) · 100%). Coefficient
is 0.077 and standard error is 0.089.
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other mechanisms of longevity (e.g., Savelyev and Tan, 2019). A number of suggested
mechanisms are documented in in this paper: reduced heavy drinking, stable marriage, in-
creased social interactions, higher likelihood of having a professional occupation, superior
mental and general health, and multiple measures of superior job and life satisfaction. As
I argue below, job and life satisfaction may play a special role for this unusual cohort.
Two traditional explanations of the effect of education on health are (1) productive and
(2) allocative efficiencies. Productive efficiency refers to larger health output from given
amounts of endogenous (choice) inputs (Grossman, 2000). Allocative efficiency refers to
better allocation of investments due to better information about the true effects of health
investments (Kenkel, 2000). Cutler and Lleras-Muney (2008) offer another classification
of mechanisms: (i) higher income; (ii) safer jobs; (iii) higher value of life; (iv) better health
knowledge and superior cognitive skills; (v) lower discount rate and increased risk aversion
(vi) higher rank in the society; and (vii) larger social networks, which provide financial,
physical and emotional support. Sociologists (Ross and Wu, 1995) suggest three categories
of explanations: (A) work and economic conditions; (B) social-psychological resources; and
(C) health lifestyle.
The mechanisms mentioned above (1, 2, i–vii, A–C) cover many possible channels and
partially overlap. The Terman sample provides evidence consistent with the following
channels among those named above: higher income/economic conditions (Gensowski,
2018), higher rank in the society (measured by professional occupation), higher value of
life (measured by greater life satisfaction), larger social networks/social-psychological re-
sources (measured by number of memberships in organizations), and healthier lifestyles
(measured by no heavy drinking and stable marriage). However, the channel though safer
jobs is unlikely for this sample.49
One channel related to effects of education on life and job satisfaction documented in
49Occupational data suggest that the longevity gap is not explained by dangerous occu-
pations such as mining, fishing, or cutting trees: no such occupations were reported. This
is not surprising, as high school graduates were well-educated by standards of their time.
In particular, in 1960, among high school graduates only five subjects worked in occupa-
tions that are associated with increased hazard of death or injury on the job: police, fire
protection, and the military. Among college dropouts only three were with police or fire
departments. All others had jobs with minimal mortality risks: clerical, sales, etc. Among
college graduates none was with fire or the police, but four were with the military.
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Table 7 deserves special attention for Terman subjects. This mechanism is separate from
productive and allocative efficiencies and can be viewed as a special case of the effect
through the value of life. I call this suggested mechanism human potential-education matching.
One role that college education plays is that it helps select individuals with high potential,
such as high IQ, and provides them with complementary skills that open doors to markets
for high-skilled jobs. These high-skilled jobs provide a level of challenge that is a good
match for people with high potential. There is anecdotal evidence that people who failed
to realize their high potential may end up abusing substance or otherwise neglecting their
health and living shorter lives. I provide statistical evidence consistent with this intuition,
suggesting a channel through which IQ can increase the effect of education on health. So
far, the literature suggested the opposite effect due to substitution of IQ for education in
health production (Auld and Sidhu, 2005).
The Terman data are consistent with the hypothesis that a mismatch between education
and IQ decreases health and longevity. First, the survival curve of Terman high school
graduates is below the survival curve of the general population of US white men of the
same cohort (see Figure 2), even though an average white man from this cohort had both
lower intelligence and lower education than Terman’s high school graduates.50 I suggest
an explanation for this paradox: Terman’s high school graduates had a larger mismatch
between human potential and their education than an average man from the general pop-
ulation, which likely resulted in less self-care for their health.
Second, Table 7 shows effects of high school and some college education relative to
completed 4-year college degree on job and life dissatisfaction. We can see that lower
education levels lead to a dislike of current occupation (Panels 1, 3, 7, and 8), lack of
control in the choice of work (Panel 2), lack of intellectual challenge (Panels 5 and 6), and
hindered life due to inadequate education (Panel 4). All these effects take place for those
with high school degree and the majority of them also hold for those with an incomplete
college education. These satisfaction results are consistent with effects of education on
life outcomes from Table 6: a smaller likelihood of belonging to professionals (Panel 4),
50White men in the general population have IQ of 100, as opposed to IQ >140 of the
Terman subjects. Only about 5% of the 1910 cohort finished college and only about 30%
finished high school according to Figure 5 of Heckman and LaFontaine (2010).
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a higher likelihood of heavy drinking (Panel 1), and greater difficulties with mental and
general health (Panels 5–9)
Sociologists have investigated the hypothesis that education improves health through
work satisfaction, suggesting that high-skilled jobs tend to be more rewarding and provide
superior control over an employee’s life. However, the results of this literature are inconclu-
sive, and intrinsic work rewards among the employed are found to be small, inconsistent,
and not always positive (Ross and Wu, 1995). Perhaps, one reason behind this controversy
could be that it is good matching between education and personal potential that matters
rather than the level of education alone. Education that overmatches personal potential
could be counterproductive for life satisfaction: the person could become overeducated for
a number of jobs that could otherwise be a good fit, but still not a good match for chal-
lenging high-level jobs. In addition, jobs that require more education do not necessarily
provide more control over a person’s life. For instance, a self-employed contractor with
a high school degree can be expected to experience superior control over his life than a
low-level office worker with a college degree. However, in the case of Terman high school
graduates, the mismatch between intellectual ability and education level is major and one-
directional, and the evidence for the job dissatisfaction effect is major.
Placebo Tests As part of the specification testing of my model, I run placebo tests for
eight early health outcomes. I use the same model (1,3,4,5) as I use for health-outcomes
in mid-life. This model has the same structure as the main longevity model of this paper
except that instead of the hazard of death I use early health variables as outcomes one
by one. Despite no control for familywise error rate, none of the p-values are statistically
significant even at the 10% level (see Table 8).
Robustness to a Two-Step Estimation One common concern about using a full maximum
likelihood model in research involving latent skills is that, in the case of model misspeci-
fication, latent skills might be primarily driven by outcomes rather than the measurement
system. I show in Web Appendix B that this concern is not pertinent to results of this paper.
Following Heckman et al. (2018), I estimate only the measurement system in the first step
and then estimate the maximum likelihood model while fixing factor loadings of the mea-
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Table 8: Placebo Tests
coefficient 
standard 
error p ‐value coefficient 
standard 
error p ‐value
Normal Birth 0.049 0.066 0.459 0.053 0.052 0.308
No Breastfeeding  ‐0.033 0.037 0.371 0.051 0.039 0.191
Health Rating in 1922 0.123 0.127 0.333 ‐0.007 0.095 0.944
Low Birthweight 0.009 0.021 0.678 0.003 0.018 0.879
Mother's poor health during pregenancy 0.035 0.049 0.477 0.013 0.042 0.768
Nutrition Poor or Fair in 1922 0.001 0.035 0.967 0.047 0.033 0.154
Severe acute and chronic illness since 1922 ‐0.022 0.045 0.630 0.008 0.044 0.849
Signs of Nervousness 0.007 0.062 0.903 ‐0.072 0.049 0.144
High School Some College
Notes: Tests are based on the model of health outcomes (1,3,4,5) applied to early health
measures as if they were outcomes. For each tested early health measure, the set of controls
X excludes that tested measure.
surement system to the values estimated in the first step. The results are almost identical to
those based on full maximum likelihood.51 With this concern shown to be alleviated, full
maximum likelihood is a preferred estimator due to its superior efficiency and the lack of
a need to correct standard errors for a two-step estimation.
Data Limitations I use a unique and detailed dataset that has early measures of skills
and a long follow-up, but it is not without disadvantages. One disadvantage is its modest
sample size. In addition, a number of important potential mechanisms, such as smoking
and exercise, have not been measured in early life or in mid-life.52 Because of the modest
sample size and missing data on potentially important mechanisms, I lack both statistical
power and key information for decomposing the estimated total effects on longevity to
a sum of underlying mechanisms. As a result, in this paper I only provide suggestive
51See Table B-6 of the Web Appendix.
52Quitting smoking based on information from the 1964 Surgeon General Report might
contribute to the total effect of education (de Walque, 2007). The identification of our
treatment effect, however, does not rely on identification of mechanisms behind it.
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evidence based on Table 6 and 7 and leave decomposition analysis for a separate paper
based on a different dataset (Hong, Savelyev, and Tan, 2020).
Another limitation is the lack of measurement of childhood Agreeableness and Neu-
roticism. However, I show that Agreeableness and Neuroticism measured in adulthood do
not predict longevity, suggesting that this disadvantage is unlikely to be crucial, which is
in line with the literature.
Finally, having a censoring point for mortality in 1991 is another disadvantage. I account
for the right censoring in the model, leading to internally-consistent estimates before the
censoring point. However calculations of life expectancy and the value of remaining life
required extrapolating the baseline survival function to more advanced ages. As shown,
additional error introduced by this extrapolation is estimated to be small. A likely reason
for an accurate extrapolation is that it starts from an advanced age of 86.
External Validity The tradeoff of analyzing quality longitudinal mortality data is the need
to consider whether results are generalizable to a more contemporary population. I argue
that for high ability males we can expect similar qualitative results for later cohorts. In-
deed, we know from the literature that education and skills still determine lifestyles for
the current population, which, in turn, still determine their longevity. Quantitatively, how-
ever, effects might be different for many reasons including significant progress in health
knowledge and public health improvements over the course of the 20th Century.
Contemporary cohorts have better knowledge of the importance of health behaviors
such as smoking, maintaining a healthy diet, and exercise. For instance, while students
today learn about the adverse effects of smoking at school, earlier cohorts lacked widely-
available consensus knowledge about smoking before the Surgeon General Report (Terry
et al., 1964), at which point the Terman cohort was, on average, 54 years old.
Despite the lack of consensus knowledge about the dangers of smoking before 1950s
(de Walque, 2010), substantial health information was widely distributed and available
in 1922, the year when the survey began and respondents were about 12 years old. For
example, “Rules of the Health Game,” a public health pamphlet that was published in
1922 and targeted children, included personal hygiene, long sleep, eating vegetables and
fruits, drinking at least four glasses of water a day, and playing part of every day outdoors
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(Allensworth et al., 1997). Alcohol was not mentioned, but given that Prohibition took place
from 1920 to 1933, the adverse effects of alcohol were well-publicized at the time. Taking
other drugs and obesity-related behaviors were not mentioned, but those were much less
prevalent for this cohort.
The direction of quantitative change of the effect for later cohorts is unclear. On the one
hand, since educated and conscientious people act on their health knowledge, the effects
of education and Conscientiousness might be even stronger for later cohorts than what is
estimated for the Terman cohort, as health knowledge grows over time. Larger incidence of
obesity and the use of narcotics for current cohorts could increase the effect. On the other
hand, smaller incidence of smoking for current cohorts may diminish the effect.
For females, the results should be considered historical since women’s emancipation
over the 20th century led to a considerably wider variety of lifestyles and health behav-
iors for women than before. Labor markets and the purpose of education also drastically
changed for women. A wider variety of lifestyles together with greater health knowledge
and labor force participation could create health effects of education and skills even if they
were not strong or existent for earlier cohorts of women.
Presently, intelligent people tend to finish college in larger numbers than before. How-
ever, low-income students with high human potential are less likely to enroll in college
than their higher income counterparts. Even after being accepted into college, low-income
students are much more likely to choose not to attend (Castleman and Page, 2014). More-
over, college dropout rates substantially vary by socioeconomic status (Bowen et al., 2009).
My paper shows that it is wrong to assume that high cognition substitutes for education in
producing health and longevity. Moreover, I argue that the IQ may even increase the effect
of education on health-related outcomes. This makes mismatches between human potential
and education even worse than we may think from lost productivity considerations alone.
Effects of this paper might be similar to those for a larger population of able people,
not only to extraordinarily able people. Indeed, understanding the best inputs into health
production, such as a healthy diet, definitely requires cognitive skills, but not necessarily
the abilities of a genius. The direction of effect change once the IQ gets smaller is unclear
though: results by Auld and Sidhu (2005) suggest larger effects for lower IQs. However,
results of Conti and Heckman (2010) for men and the human potential-education matching
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mechanism suggested in this paper allow for a decline in the effect of education with a
decline of the IQ.
6 Conclusions
This paper accounts for latent noncognitive skills developed in early life and unobserved
heterogeneity in order to investigate relationships between skills, education, and longevity.
The effect of education on health and longevity has implications for positive education
subsidies in cases where education investments are at sub-optimal levels. The effects of
Conscientiousness and Extraversion, however, suggest a new dimension for public policy:
encouraging the development of children’s Conscientiousness and Extraversion at home
and at school would contribute to both health and longevity.
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Bijwaard, G. E., M. Myrskylä, P. Tynelius, and F. Rasmussen (2017). Educational gains in
cause-specific mortality: Accounting for cognitive ability and family-level confounders
using propensity score weighting. Social Science & Medicine 184, 49–56.
Bijwaard, G. E., F. van Poppel, P. Ekamper, and L. Lumey (2015). Gains in life expectancy
associated with higher education in men. PloS one 10(10), e0141200.
Bolyard, A. and P. A. Savelyev (2020). Understanding the education polygenic score and its
interactions with ses in determining health in young adulthood. SSRN Working Paper
http://dx.doi.org/10.2139/ssrn.3397735.
Borghans, L., A. L. Duckworth, J. J. Heckman, and B. ter Weel (2008, Fall). The economics
and psychology of personality traits. Journal of Human Resources 43(4), 972–1059.
43
Bowen, W. G., M. M. Chingos, and M. S. McPherson (2009). Finishing College at Public
Universities, pp. 32–56. Princeton University Press.
Brown, J., J. B. Liebman, and J. Pollet (2002, January). Appendix. Estimating Life Tables That
Reflect Socioeconomic Differences in Mortality. In: The Distributional Aspects of Social Security
and Social Reform. University of Chicago Press.
Buckles, K., A. Hagemann, O. Malamud, M. Morrill, and A. Wozniak (2016). The Effect of
College Education on Mortality. Journal of Health Economics, 99–114.
Calvin, C. M., I. J. Deary, C. Fenton, B. A. Roberts, G. Der, N. Leckenby, and G. D. Batty
(2011). Intelligence in youth and all-cause-mortality: Systematic review with meta-
analysis. International Journal of Epidemiology 40(3), 626–644.
Cameron, A. C. and P. K. Trivedi (2005). Microeconometrics: Methods and Applications. New
York: Cambridge University Press.
Castleman, B. L. and L. C. Page (2014). A trickle or a torrent? Understanding the extent
of summer “melt” among college-intending high school graduates. Social Science Quar-
terly 95(1), 202–220.
Cesarini, D., E. Lindqvist, R. Ostling, and B. Wallace (2016). Wealth, health, and child de-
velopment: Evidence from administrative data on Swedish lottery players. The Quarterly
Journal of Economics 131, 687–738.
Chapman, B. P., B. Roberts, and P. Duberstein (2011). Personality and longevity: Knowns,
unknowns, and implications for public health and personalized medicine. Journal of
Aging Research 2011, 1–24.
Clark, D. and H. Royer (2013). The effect of education on adult mortality and health:
Evidence from Britain. American Economic Review 103(6), 2087–2120.
Cobb-Clark, D. A., S. C. Kassenboehmer, and S. Schurer (2014). Healthy habits: the con-
nection between diet, exercise, and locus of control. Journal of Economic Behavior and
Organization 98, 1–28.
Conti, G. and J. J. Heckman (2010). Understanding the early origins of the education-
health gradient: A framework that can also be applied to analyze gene-environment
interactions. Perspectives on Psychological Science 5(5), 585–605.
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A Exploratory and Confirmatory Factor Analysis of Noncog-
nitive Measures used in the Terman Study
The aim of this section is to reanalyze noncognitive measures from the Terman data in order
to obtain five latent factors that are related to the contemporary Big Five traits: Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism.
According to John and Srivastava (1999), Openness describes the breadth, depth, originality,
and complexity of an individual’s mental and experimental life; Conscientiousness represents
“individual differences in the propensity to follow socially prescribed norms for impulse control,
to be task- and goal- directed, to be planful, to delay gratification, and to follow norms and
rules.” Alternatively, Conscientiousness can be described as the “propensity to be organized,
controlled, industrious, responsible, and conventional” (Roberts et al., 2009). Extraversion
implies an energetic approach to the social and material world and includes facets such as so-
ciability, activity, assertiveness, and positive emotionality. Agreeableness entails a prosocial and
communal orientation towards others and includes facets such as altruism, tender-mindedness,
trust, and modesty. Finally, Neuroticism contrasts emotional stability and even-temperedness
with negative emotionality, such as feeling anxious, nervous, sad, or tense.
Martin and Friedman (2000) show that strong links exist between personality measures used
in the Terman Data and the Big Five factors. However, previous authors documented neither
their exploratory nor their confirmatory factor analyses, which motivates research documented
in this appendix: finding the best specification for the latent factor model to be used in the
main paper.
As a result of the analysis presented below, I find that four of five factors defined in this
paper, childhood Conscientiousness and Extraversion as well as adult Agreeableness and Neu-
roticism, are defined in a similar way to factors that were empirically shown to be correlated
with the Big Five factors having the same names (Martin and Friedman, 2000). In particular,
Martin and Friedman show that Conscientiousness correlates well with Conscientiousness from
the Big Five taxonomy (correlation 0.55, and p-value below 0.001). The authors also demon-
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strate a relationship between their Terman Sociability factor and Extraversion from the Big
Five taxonomy (with correlation 0.40, and p-value below 0.001). Extraversion in this paper is
defined similarly to Martin and Friedman’s Sociability, and, hence, should also be related to
Big Five Extraversion. Openness, as defined in this paper, was not empirically linked to the
Big Five, but it can be linked to the Big Five theoretically. To achieve the best model fit I
allow for cross-loadings (to be defined below), instead of using dedicated measures, which were
implemented in previous research. However, the effects of using cross-loadings on final model
results are minor.
The plan of the analysis described in this section is as follows:
1. Select a set of high-quality childhood personality measures from the Terman data so that
each measure from the set is conceptually related to the Big Five taxonomy.
2. Use multiple methods to establish the number of latent common factors that explain the
set of measures identified in (1). (These methods usually give several different answers to
be considered in the further analysis).
3. For each number of factors suggested by step (2), perform the exploratory factor analysis
(EFA) in order to establish the most reasonable number of factors; conditional on the most
reasonable number of latent factors, find clusters of measures that proxy the factors.
4. Use confirmatory factor analysis (CFA) to test model specifications suggested by EFA.
(As shown below, I establish measures that define childhood Conscientiousness, Openness,
and Extraversion).
5. Use the 1940 data to proxy those Big Five factors that are not represented in the 1922
data. (As described below, I add adulthood Agreeableness and Neuroticism.)
Each of the five steps in the above outline corresponds to one of the five sections below.
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A.1 Establishing a Set of Childhood Noncognitive Measures that
are Conceptually Related to the Big Five
We want to find clusters of childhood noncognitive measures from 1922 that proxy Big Five
factors. Childhood measures are more valuable than adulthood ones for the purpose of this
paper, as they are measured before subjects start college. Additionally, the 1922 measures are
based on ratings from teachers and parents, which makes them more reliable than self-ratings
from 1940.
Based on theoretical definitions of the Big Five provided above, results from previous re-
search (Martin and Friedman, 2000; Martin et al., 2007), and advice from a leading psychol-
ogist1, I use the following childhood measures that are potentially related to the Big Five:
prudence and forethought, conscientiousness, truthfulness, desire to know, originality, general
intelligence, fondness for a large group, leadership, popularity with other children, cheerfulness
and optimism, permanency of moods, sensitiveness to approval and disapproval, freedom from
vanity and egoism, sympathy and tenderness, generosity and unselfishness.2 The next section
proceeds with establishing the number of latent common factors contained in these correlated
measures.
A.2 Using Multiple Methods to Establish the Number of Latent
Factors that Explain the Given Set of Measures
I use five alternative methods that establish the number of latent factors behind the measures
identified above. I use (1) the Guttman-Kaiser rule, (2) the scree test (e.g., Gorsuch, 1983),
(3) the Horn method (Gorsuch, 1983; Guttman, 1954; Horn, 1965; Kaiser, 1960, 1961), (4) the
Minap method (Velicer, 1976), and (5) the Onatski (2009) procedure. The “optimal number
of factors” represents an optimal balance between minimizing the number of common factors
1I am grateful to Angela Duckworth, a psychologist from the University of Pennsylvania, for a fruitful
discussion about conceptual links between Terman measures and the Big Five.
2See Figure A-1 for an example of a question measuring prudence. Teachers and parents had to put a cross
anywhere on the line.
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and maximizing the explained variance in the data. Viewing each measure as a separate factor
would explain 100% of variance but would also imply no dimensionality reduction and would
lead to problems such as high measurement error and multicollinearity. Instead, I want to
establish a small set of latent factors that explain a substantial share of variance, such that
adding an additional factor to this optimal set would have a negligible impact on explaining
the variance of measures.
Methods mentioned above differ by their approach to solving this optimization task, leading
to some variation in the recommended optimal number of factors (see also Heckman, Pinto,
and Savelyev (2013)). As Table A-1 shows, the optimal number of factors is estimated to be
2, 3, and 4.3 With the help of the EFA analysis in the next section I argue that 3 is the most
reasonable choice.
A.3 Using EFA to Finalize the Number of Factors and Identify Clus-
ters of Measures that Proxy these Factors
EFA can only be performed conditional on a given number of factors. When there are several
options (in our case 2, 3, or 4), it is standard to perform EFA conditional on each number,
compare results, weigh pros and cons, and finalize the number of factors.4
I use the EFA based on the Quartimin rotation, an established and widely used oblique
EFA procedure with a clear mathematical interpretation that we discuss in Web Appendix
H to Heckman, Pinto, and Savelyev (2013). In the same paper we argue that the choice of
measures for factors is robust to the choice of alternatives to the Quartimin.
I begin by performing the EFA for all 15 measures listed above. Results for males and females
are presented in Table A-2. Strong loadings, those that are both statistically significant at a
5% level and are above 0.6, are in bold font.5 Conditional on two factors we can see two clear
3See also the corresponding scree plots in Figure A-2.
4Following Friedman et al. (1995, 1993), I use averaged teachers’ and parents’ ratings.
5Heckman, Pinto, and Savelyev (2013) used 0.6 as a threshold for separating strong loadings from weak
loadings. The threshold is traditional and useful for exploratory purposes, but still arbitrary, so it should be
interpreted as such.
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clusters: cluster 1 is mostly related to measures that resemble Conscientiousness (prudence and
forethought, conscientiousness, truthfulness), and cluster 2 is mostly related to measures that
resemble Extraversion (fondness for large groups, leadership, popularity with other children).
Adding a third factor preserves the above-mentioned clusters, but adds another cluster that
resembles Openness (desire to know, originality, and intelligence). While adding a third factor
clearly improves the model, there are no clear benefits associated with adding a fourth factor.
For men, sympathy and generosity resemble a cluster, but this finding is not true for women.
The next step of EFA is to drop measures that do not clearly belong to any cluster and
to analyze the resulting loadings again to check whether patterns of measures are preserved
after less relevant measures are excluded from the analysis. I drop all such less relevant mea-
sures but two: “freedom from vanity” and “sympathy.” I keep these measures since they show
some association with the Conscientiousness cluster and because “freedom from vanity” was
used by Friedman and co-authors as a measure of Conscientiousness. The table for the second
stage, A-3, shows that results of the first stage are preserved and that “freedom from vanity”
and “sympathy” are mostly related to the Conscientiousness cluster, but their link to Con-
scientiousness tends to be weaker than that of other measures. While keeping “freedom from
vanity” and “sympathy” in mind as candidates for the Conscientiousness cluster with the caveat
that they are both less correlated and less theoretically linked, I also perform the third stage
without these two measures for the case of three factors leaving checks for the two questionable
measures to the CFA stage. The third-stage CFA for a three-factor model shown in Table A-4
again confirms patterns found in the first stage. The table also shows good fit statistics, which
I discuss below since fit statistics are also relevant for the final decision based on CFA.
A.4 Using CFA to Confirm the EFA Results
Unlike EFA, which places no restrictions on loadings, CFA requires a number of exclusion
restrictions necessary for the factor model identification. CFA is based on a factor model,
which also serves as the measurement system for the main estimated model of the paper upon
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being confirmed as acceptable.
One straightforward exclusion restriction would be to set all non-diagonal loadings to zero
(the diagonal loadings are in bold in Table A-4). This approach is appealing for this data set
since the non-diagonal elements are all substantially smaller than the diagonal elements. Hence,
setting non-diagonal elements to zero should not introduce any sizable model misspecification.
This approach leads to so-called “dedicated measures,” such that each measure proxies one
and only one factor. However, some non-diagonal elements in Table A-4 are still statistically
significant and reach up to 0.31 by absolute value. The assumption behind our identifying
exclusion restriction would be less restrictive if non-diagonal elements that are distinguishable
from zero were allowed to differ from zero as well.
There are two potential caveats. First, it is not always possible to both achieve identifica-
tion and allow for all sizable non-diagonal elements to be unrestricted. Fortunately, for this
particular data, this less restrictive approach leads to an identifiable model.
Second, cross-loadings may undermine the interpretation of factors (see, e.g., Kline, 2011),
but when cross-loadings are small and sensible, as in this paper, this should not be an issue.
Indeed, cross-loadings in my analysis are much smaller than diagonal loadings. For instance,
in Table A-5, model A for males, diagonal loadings take values from 0.563 to 0.894 and are
precisely determined, while cross-loadings take values from -0.086 to 0.214 and are much less
precisely determined. Thus, the interpretation of factors is still derived from the diagonal
loadings just as in a model with dedicated measures, while cross-loadings can be interpreted as
naturally-occurring minor correlations between certain common factors and measures of certain
other common factors.
Moreover, the cross-loadings can be reasonably interpreted given that the interpretation
of the common factor is derived from the diagonal loadings. Indeed, one of the largest cross-
loadings in Panel A for males is 0.186 for “popular with other children” as a weak proxy of
Conscientiousness. We can argue that there is no contradiction that someone who is at the
same time more prudent, more conscientious, and more truthful (which are the main measures
of Conscientiousness defined in this paper) would also gain additional popularity with other
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children. Similarly, there is no contradiction that desire to know also somewhat correlates with
Conscientiousness, as we expect conscientious people to look ahead and thus appreciate the
value of education (a small cross-loading of 0.065). Cross-loadings for Openness range from
-0.086 to 0.214 and include positive loadings for prudence and leadership and a negative one
for popularity. Interpretations of these small correlations are somewhat less straightforward,
but it is reasonable that a more original and intelligent person would also be better at planning
and leadership, while at the same time they may lose some popularity for being too different
from others (originality). Finally, extraversion has a small positive correlation with truthfulness
(loading 0.055) and a small negative correlation with the desire to know (-0.086). The negative
correlation is clear: extraverted people like socializing, which may limit spending time studying,
leading to smaller rating on the “desire to know,” since raters may associate the desire to
know with the amount of studying. Truthfulness might be a trait that is valued by people
one socializes with, possibly leading to a positive correlation with extraversion. The sign of
cross-loadings is preserved for females. Thus, cross-loadings that I allowed for milder exclusion
restrictions are small and do not contradict the interpretation of factors that is based on the
diagonal loadings.
I compare panel A in Table A-5 representing a model with cross-loadings based on stage
three of the EFA with three other panels: panel B represents a model with dedicated measures
only; panel C is a model with “freedom from vanity,” a questionable measure, allowed to affect
any factor as the least restrictive case to consider; and panel D, with “sympathy,” another
questionable measure, allowed to affect any factor. As I argue above, the fit measures are good
or fair for models B, C, and D, but model A shows the best fit and therefore I choose it as my
main model.
Goodness of Fit Goodness of fit statistics are described in many sources, such as Bollen and
Long (1993), Kline (2011), and Kolenikov (2009). Here I provide a short intuitive summary
and discuss the interpretation of results.
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The Likelihood Ratio Test The likelihood ratio (LR) test, which is often referred to in
psychometric literature as “the Chi-square test,” compares two models: the constrained model,
which is the factor model that we test, and the unconstrained (unstructured, or saturated)
model, in which the model can exactly predict each observed covariance. Ideally, restrictions of
the factor model do not matter, so the test will not be rejected. In practice, this test is usually
rejected, leading some authors to doubt the reliability of the test (e.g., Bentler and Bonett, 1980;
Du and Tanaka, 1989) and ignore results of the test as uninformative or unreliable. Current
literature increasingly recognizes that the test should be taken seriously (see, e.g., Kline, 2011,
for a survey).
While I agree with the more recent claims that the test is generally reliable and informative
for the question being tested, I view frequent rejection of the test, even for otherwise clean
models, as a reasonable price for the major benefits of dimensionality reduction. We know that
statistics is an art of reasonable approximation, not exact fit, in line with which dimensionality
reduction techniques come at a cost of multiple model restrictions.6 The expectation that the
test will not be rejected is the expectation that a model with greatly reduced dimensionality
will still be exactly as informative as a fully saturated model, allowing for all possible correla-
tions between all possible measures. It would be over-optimistic to expect that none of these
restrictions will lead to at least some simplifications of reality.
My point is much in line with Steiger (2007) and Miles and Shevlin (2007). In particular,
Steiger notes that the chi-square test is not only about testing a hypothesis of a perfect fit,
which we know is always false, but also has the logical weakness inherent to the accept-support
tests: researchers who use tests with low power (say, those conducting studies with low sample
size) tend to accept the hypothesis and so support their model, while those using high power
tests tend to reject it and therefore have trouble defending their analysis. These properties
make the LR test not particularly useful, and so I do not use the LR test in this paper.
6A relevant quotation from statistician George Box is ”Essentially, all models are wrong, but some are useful”
or another version, “...all models are wrong; the practical question is how wrong do they have to be to not be
useful” (Box, G. E. P., and Draper, N. R., (1987), Empirical Model Building and Response Surfaces, John Wiley
& Sons, New York, NY).
9
The other fit statistics are called “approximate indexes.” Unlike the LR test, these are not
true statistical tests, but they are informative of the fit (Miles and Shevlin, 2007). Thresholds
(or “rules of thumb”) for these indices are recommended based on Monte-Carlo studies (Kline,
2011). I give a short overview of indices that I use below. For more detailed information and
formulas see, e.g., Bollen and Long (1993), Kline (2011), and Kolenikov (2009).
SRMR The Standardized Root-Mean-Square Residual (SRMR) is an absolute measure of
fit. It is a mean square root of a squared standardized difference between a true element of
the variance-covariance matrix and an element of the same matrix as predicted by the model.
Clearly, the smaller the SRMR, the better the model fit. The rule of thumb for a good fit is
SRMR≤0.08, which is satisfied for all models in Table A-5.
RMSEA Another index is the Root Mean Square Error of Approximation (RMSEA), which
is classified as a parsimony index. RMSEA is proportional to the square root of the likelihood
ratio from the LR test discussed above, so a lower number implies a better fit. RMSEA is
also inversely proportional to the square root of the number of model restrictions. If the
number of model restrictions is small, then RMSEA may become larger because of a decreased
denominator, which is a punishment for a non-parsimonious model. The rule of thumb is
RMSEA≤0.05, which is true for all models of types A and D in Table A-5.
CFI and TLI Finally, I use two comparative indices: the Comparative Fit Index (CFI)
and the Tucker-Lewis Index (TLI). These indices are relative because they are based on a
comparison of two likelihood ratios: (1) Target (constrained) model relative to unconstrained
(saturated) model; (2) Independence model (diagonal variance-covariance matrix) relative to
the target (constrained) model. Since measures are usually highly correlated, we expect our
target factor model to have much better fit than the independence model, which makes the
likelihood ratio (2) much larger than (1) and drives both indices close to 1. The rule of thumb
is that CFI and TLI > 0.9. In Table A-5 this is the case for all models of type A, C, and D.
To conclude, comparison of all approximate fit indices described above suggests that Model
10
A is preferable to model B, and that model A satisfies all recommended thresholds. Also, there
is no consistent evidence that models C and D are better than model A. Fit statistics for models
C and D tend to be worse or comparable to those for model A. Given doubts about theoretical
fit of “freedom from vanity” and “sympathy” to Conscientiousness, I chose model A as the most
reasonable model.
A.5 Using the 1940 Data to Augment the 1922 Factors
Analysis using the 1940 items that allow an inclusion of additional Big Five factors is docu-
mented in the Web Appendix to a companion paper by Savelyev and Tan (2019). Table A-6
summarizes results of the EFA and CFA of the companion paper. As mentioned in the main






































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































3-7 factors 3 -
2-7 factors 2 -
1-7 factors 2 -
Notes:
(a)Scree test is by Cattell (1966). The corresponding scree plots are documented in Figure A-2.
(b)See Gorsuch (1983); Guttman (1954); Kaiser (1960, 1961) for a discussion of the Guttman-Keiser rule. The
method is known to exclude factors that clearly have little explanatory power, but it often overestimates the
number of informative factors (Zwick and Velicer, 1986).
(c)Horn’s (1965) parallel analysis procedure.
(d)See Velicer (1976) for the Minap description.
(e)We apply Onatski’s (2009) procedure at the 5% level of significance for a minimum of three, two, and one
factors and for a maximum of seven factors. Onatski (2009) warns that the asymptotic approximation may
be poor in a case where sample size is small and the number of measures is low. “-” denotes that Onatski’s
algorithm does not converge to any number in the given range.
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Table A-2: First Stage of the EFA
Males 1 2 1 2 3 1 2 3 4
Prudence and forethought 0.697* -0.086* 0.623* 0.160* -0.119* 0.722* 0.112* 0.038 -0.143*
Conscientiousness 0.862* -0.054* 0.827* 0.076* -0.066* 0.775* 0.060* -0.015 0.112*
Truthfulness 0.771* 0.012 0.768* 0.031 0.008 0.673* 0.031 0.015 0.170*
Desire to know 0.371* 0.143* 0.076* 0.721* -0.041 0.075* 0.719* -0.070* 0.034
Originality 0.295* 0.233* 0.011 0.679* 0.069* 0.037 0.673* 0.064 -0.019
Intelligence 0.300* 0.241* 0.022 0.680* 0.076* 0.009 0.687* 0.027 0.052
Fondness for large groups -0.163* 0.730* -0.147* 0.026 0.717* -0.261* 0.060 0.566* 0.227*
Leadership 0.039 0.579* -0.032 0.200* 0.537* 0.055 0.170* 0.653* -0.156*
Popularity w other children 0.061* 0.699* 0.113* -0.062* 0.744* 0.098* -0.094* 0.813* 0.031
Optimism 0.064 0.596* 0.006 0.190* 0.538* -0.137* 0.229* 0.375* 0.277*
Permanency of moods 0.330* 0.228* 0.314* 0.065 0.213* 0.317* 0.049 0.256* 0.004
Sensitiveness 0.270* 0.150* 0.251* 0.066 0.132* 0.118* 0.095* 0.013 0.262*
Freedom from vanity 0.457* 0.050 0.585* -0.245* 0.125* 0.468* -0.244* 0.108* 0.217*
Sympathy 0.443* 0.239* 0.453* 0.021 0.231* 0.142* 0.087* -0.049 0.626*
Generosity 0.404* 0.381* 0.440* -0.021 0.390* 0.134* 0.035 0.135* 0.606*
Sample size
Females
Prudence and forethought 0.587* 0.015 0.562* 0.068 -0.007 0.587* 0.057 0.026 -0.039
Conscientiousness 0.872* -0.053* 0.845* 0.041 -0.048* 0.868* 0.021 -0.017 0.007
Truthfulness 0.772* -0.003 0.734* 0.103* -0.048 0.745* 0.091* -0.016 -0.005
Desire to know 0.245* 0.332* 0.043 0.680* -0.054 0.046 0.678* -0.048 0.002
Originality 0.214* 0.414* 0.045 0.597* 0.075 0.026 0.592* 0.071 0.051
Intelligence 0.258* 0.372* 0.062 0.683* -0.005 0.049 0.686* -0.008 0.027
Fondness for large groups -0.179* 0.639* -0.133* -0.020 0.712* -0.130* -0.038 0.720* 0.004
Leadership -0.082* 0.665* -0.148* 0.347* 0.474* -0.130* 0.332* 0.483* -0.019
Popularity w other children 0.129* 0.606* 0.190* -0.046 0.720* 0.168* -0.054 0.718* 0.035
Optimism 0.067 0.572* 0.043 0.215* 0.460* 0.052 0.205* 0.479* -0.023
Permanency of moods 0.288* 0.200* 0.300* 0.021 0.200* 0.352* 0.013 0.233* -0.056
Sensitiveness 0.291* 0.090 0.309* -0.032 0.136* 0.199* -0.024 0.089 0.212*
Freedom from vanity 0.572* -0.104* 0.629* -0.168* 0.015 0.583* -0.159* 0.018 0.058
Sympathy 0.474* 0.197* 0.485* 0.028 0.204* -0.006 0.005 -0.004 1.191*
Generosity 0.517* 0.229* 0.528* 0.042 0.223* 0.373* 0.053 0.167* 0.291*
Sample size 536 536 536
2 factors 3 factors 4 factors
695 695 695
Notes: An asterisk denotes a 5% level statistical significance.
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Table A-3: Second Stage of the EFA
Male 1 2 1 2 3 1 2 3 4
Prudence and forethought 0.690* -0.044 0.627* 0.130* -0.056 0.634* 0.085* -0.023 -0.265*
Conscientiousness 0.858* -0.031 0.837* 0.054* -0.033 0.822* 0.060* -0.016 -0.033
Truthfulness 0.774* 0.004 0.783* 0.010 0.017 0.781* 0.042 0.004 0.110*
Desire to know 0.387* 0.137* 0.082* 0.710* -0.040 0.069* 0.740* -0.061* 0.054
Originality 0.309* 0.223* 0.005 0.690* 0.051 -0.001 0.668* 0.069* -0.101*
Intelligence 0.319* 0.225* 0.024 0.690* 0.049 0.016 0.700* 0.044 0.045
Fondness for large groups -0.133* 0.688* -0.149* 0.073 0.627* -0.134* 0.079* 0.639* 0.223*
Leadership 0.054 0.643* -0.042 0.225* 0.567* -0.030 0.139* 0.657* -0.254*
Popularity w other children 0.065* 0.737* 0.079* -0.055* 0.862* 0.118* -0.077* 0.800* 0.022
Freedom from vanity 0.435* 0.049 0.549* -0.232* 0.153* 0.560* -0.219* 0.128* 0.054
Sympathy 0.436* 0.181* 0.422* 0.055 0.162* 0.430* 0.103* 0.135* 0.259*
Sample size
Female
Prudence and forethought 0.577* 0.055 0.560* 0.063 0.028 0.461* 0.102 0.029 0.085
Conscientiousness 0.893* -0.021 0.890* 0.013 0.000 1.029* -0.025 0.002 -0.028*
Truthfulness 0.770* 0.023 0.738* 0.090* -0.02 0.514* 0.164* -0.016 0.219*
Desire to know 0.235* 0.372* 0.041 0.676* -0.067* 0.059 0.672* -0.063 -0.062
Originality 0.199* 0.498* 0.041 0.601* 0.094 -0.003 0.617* 0.093* 0.014
Intelligence 0.246* 0.417* 0.053 0.690* -0.013 -0.017 0.717* -0.014 0.059
Fondness for large groups -0.154* 0.548* -0.119* -0.025 0.692* -0.019 -0.064 0.694* -0.121*
Leadership -0.091* 0.750* -0.134* 0.336* 0.516* -0.018 0.299* 0.522* -0.174*
Popularity w other children 0.137* 0.532* 0.185* -0.046 0.729* 0.040 -0.013 0.741* 0.173*
Freedom from vanity 0.552* -0.129* 0.585* -0.141* 0.010 0.044 0.000 0.005 0.719*
Sympathy 0.430* 0.179* 0.415* 0.073 0.181* 0.157* 0.155* 0.178* 0.302*
Sample size 536 536 536
2 factors 3 factors 4 factors
695 695 695




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A-6: Measures from 1922 and 1940 that Proxy Factors Comparable to Big Five (Minor
Cross-Loadings from Model A not Shown to Highlight the Key Measures)
Conscientiousness (1922) Extraversion (1922)
Prudence and forethought Fondness for large groups
Conscientiousness Leadership
Truthfulness Popularity with other children
Neuroticism (1940) Openness (1922)
Miserable Desire to know 
Touchy Originality
Periods of loneliness Intelligence
Lonely when with others
Remorseful and regretful Agreeableness (1940)
Lacks self-confidence Easy to get along with
Worries about humiliating experiences Avoids arguments
Emotionally unstable Critical
Easily hurt Tactful
Hard to be serene Unfeeling
Moody Domineering
Sensitive Inflated opinion of self
Note: Measures for 1940 factors are based on EFA and CFA performed in a companion paper. See Web
Appendix for Savelyev and Tan (2019) for details about 1940 measures.
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B Supplementary Figures and Tables
The section below is composed of figures and tables that are mentioned in various parts of the
main paper as supplementary. Each paragraph below shortly describes one or several tables or
figures.
Evolution of School Enrollment Figure B-1 shows the evolution of school enrollment,
which sharply decreases with age. By age 30, only about 5% of the Terman population are in
school. As discussed in the main paper, this result is one argument for the low likelihood of a
reverse causal interpretation of results in a model conditional on survival to age 30.
Comparison of Models with Varying Starting Age Table B-1 shows that results of the
model are robust to starting age from about age 12 (year 1922) to age 30. One reason for
similar coefficients is low mortality before age 30.
MPH Model of Mortality and Logit Models if Education Choice for Females Table
B-2 represents results of the Cox model for females and supplements the corresponding table
for males (see Table 4 of the main paper). Unlike for males, neither single nor joint tests can
be rejected.
The Measurement System The measurement system is an integral part of the system
of equations jointly estimated in this paper, which allows the identification of the effect of
latent factors on education and the hazard of death. Table B-3 shows that the main loadings,
measures for which are shown in bold, are all statistically significant at the 1% level and tend
to be of substantial size, around 0.5–0.9 or higher.7 In contrast, the cross-loadings measures
(not in bold) are substantially smaller than the main loadings and tend to be less precisely
determined. This observation is important since we use measures associated with the main
loadings to interpret the factor, while cross-loadings account for small correlations that we
7The first loading is not 1 since I used a standard alternative normalization: setting variance of all latent
factors to 1.
20
allow in order to make plausible exclusion restrictions, as discussed in detail in Web Appendix
A.
Checking Robustness of Estimates with Respect to Exclusion of Certain Groups
from the Sample Table B-4 shows the Cox model results for males for the full sample and
various sub-samples. Sub-samples are the following: (1) violent deaths omitted; (2) suicides
omitted; (3) auto crashes omitted; (4) alcohol-related deaths omitted; (5) all unknown causes
of death omitted. We see that results are robust to excluding specific groups outlined above
(there is some variation of estimates across cases, but results are qualitatively the same and
numerically similar).
Robustness of the Main Model Based on 1922 Personality Measures to the Inclusion
of Agreeableness and Neuroticism Factors Based on Measures from 1940 Table B-5
compares a three-factor with a five-factor model. From the comparison we see that regression
coefficients for Agreeableness and Neuroticism are small and statistically insignificant, both
individually and jointly (the p-value for the Wald test is 0.960). We can also see that the
omission of these two factors leads to only small changes in other regression coefficients. The
omission of the two factors leads to a strong reduction in degrees of freedom and improvement
in numerical stability of the model.
Robustness of the Main Full Likelihood Model to a Two-Step Estimation As dis-
cussed in the main paper, one common concern about using a full maximum likelihood model
in research involving latent skills is that in the case of model misspecification, skills might be
primarily driven by outcomes rather than the measurement system. Table B-6 shows that this
concern is not pertinent to results of this paper. For Model 2 of the table, I follow Heckman
et al. (2018) and estimate only the measurement system in the first step and then estimate
the maximum likelihood model while fixing loadings of the measurement system to the values
estimated in the first step. The estimates of Model 2 are almost identical to those of Model 1
































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































        Prudence and forethought 0.637 *** 0.047 0.569 *** 0.053
        Conscientiousness 0.892 *** 0.031 0.909 *** 0.040
        Truthfulness 0.752 *** 0.039 0.771 *** 0.044
        Fondness for large groups ‐0.127 ** 0.056 0.096 0.074
        Desire to know 0.063 0.046 ‐0.038 0.063
        Popularity with other children 0.106 * 0.061 0.399 *** 0.090
   Extraversion 
        Fondness for large groups 0.642 *** 0.044 0.695 *** 0.056
        Leadership 0.586 *** 0.047 0.485 *** 0.052
          Popularity with other children 0.872 *** 0.056 0.727 *** 0.068
          Truthfulness 0.054 0.035 0.002 0.043
        Desire to know ‐0.093 ** 0.045 ‐0.105 0.066
   Openness
        Desire to know 0.740 *** 0.056 0.705 *** 0.065
        Originality 0.705 *** 0.039 0.663 *** 0.049
        Intelligence 0.721 *** 0.042 0.703 *** 0.052
        Prudence and forethought 0.099 ** 0.047 0.060 0.054
        Leadership 0.136 ** 0.063 0.363 ** 0.066








Notes: Measures corresponding to diagonal loadings are in bold; measures that serve as cross-loadings are not






































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table B-5: Robustness of the Main Model Based on 1922 Personality Measures to the Inclusion
of Agreeableness and Neuroticism Factors Based on Measures from 1940
Outcome Education
Sub-model type ordered logit
High school 0.974 *** – 0.990 *** –
   degree (0.215) – (0.214) –
Some college 0.525 *** – 0.515 *** –
   education (0.167) – (0.167) –
Bachelor's degree
   or above
Conscientiousness -0.160 * 0.192 -0.152 * 0.210
(0.086) (0.141) (0.088) (0.148)
Extraversion -0.158 ** -0.195 -0.145 * -0.187
(0.076) (0.135) (0.078) (0.137)
Openness 0.095 0.155 0.087 0.142
(0.088) (0.157) (0.089) (0.164)
Agreeablesness – – -0.071 -0.083
– – (0.076) (0.150)
Neuroticism – – -0.055 -0.037
– – (0.070) (0.125)
IQ 0.040 0.399 *** 0.045 0.399 ***
(0.069) (0.135) (0.070) (0.137)
Joint test p -values
Wald Test for A and N
Unobs. Heterogeneity (τ )
Background controls (X )
Model 2 (Robustness Check)Model 1  (main model)
EducationMortality Mortality








(1) (2) (3) (4)
omitted omitted
Notes: Model coefficients are presented with standard errors shown in parentheses. Asterisks denote statistical
significance: *** 1% level; ** 5% level; * 10% level. Sample size is 695.
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Table B-6: Robustness of the Main Full Likelihood Model to a Two-Step Estimation (First
Measurement System, then Outcome Equations)
Outcome
Sub-model type
High school 0.974 *** – 0.971 *** –
   degree (0.215) – (0.215) –
Some college 0.525 *** – 0.523 *** –
   education (0.167) – (0.167) –
Bachelor's degree
   or above
Conscientiousness -0.160 * 0.192 -0.157 * 0.196
(0.086) (0.141) (0.082) (0.136)
Extraversion -0.158 ** -0.195 -0.155 ** -0.193
(0.076) (0.135) (0.074) (0.133)
Openness 0.095 0.155 0.089 0.145
(0.088) (0.157) (0.082) (0.151)
IQ 0.040 0.399 *** 0.040 0.400 ***
(0.069) (0.135) (0.069) (0.135)
Joint test p -values
Unobs. Heterogeneity (τ )
Background controls (X )












Notes: Model coefficients are presented with standard errors shown in parentheses. Asterisks denote statistical
significance: *** 1% level; ** 5% level; * 10% level. Sample size is 695.
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C The Likelihood Function
This section provides the likelihood function for the main model corresponding to equations
(1–4) of the main paper. I use the expectation-maximization (EM) algorithm for estimation,
as the integral presented below has no closed form solution. For an example of a comparable






























• i is an index for individuals
• N is the estimation sample size
• Θ is a random vector of continuous personality factors and θ is its realization
• πji = exp(c1kθi+c2kIQi)∑K
j=1 exp(c1jθi+c2jIQi)
, k = 1, ..., K is the probability that individual i belongs to
latent class k
• p1ik = 1−F (gDi +µD1k), p2ik = F (gDi +µD1k)−F (gDi +µD2k), and p3ik = F (gDi +µD2k)
are probabilities of ordered educational outcomes, where gDi = b1θi+b2IQi+b3xi, IQi is
the intelligence measurement, xi is a vector of background variables, and µD1k and µD2k
are ordered logit’s thresholds that differ by latent class k.
• zij = 1 if Di = j and zero otherwise, j = 1, 2, 3
• ti is time to either death or right censoring conditional to survival to time t0 and using t0
as the beginning of time
29
• λ0(ti) is the baseline hazard function estimated nonparametrically (like in Cox model)
• δi is the right-censoring indicator: δi = 1 if individual i is uncensored and zero if the
individual is right-censored
• gλ = b1θi + b2IQi + b3D1i + b4D2i + b5xi
• µλk is the intercept that is allowed to vary by latent class k (the intercept is normalized
to zero for the base class, which is necessary for identification)
• r is the index for the latent skill type, and R is the total number of distinct latent skills
in the model
• qr is the index for distinct measures Mrqr of latent class of type r, with the total number
of measures of type r being Qr
• σ2rqr is the residual variance of measure Mrqr
• grqr = αrqrθi, where αrqrθi is a linear combination of latent factors loaded on measure
Mrqr , weighted with a vector or factor loadings αrqr . Some measures are loaded on only
a subset of factors, as described in Web Appendix A, in which case the elements of αrqr
corresponding to irrelevant factors are set to zero
30
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